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Children with a mathematical learning difficulty (MLD) experience severe and 
persistent difficulties with learning mathematics. Although this definition seems 
rather straightforward at first glance, research on math difficulties has been using 
many different terminologies for similar concepts: Weak math performance has 
been defined as mathematical learning difficulties in some studies (e.g., De Smedt, & 
Gilmore, 2011; Mazzocco, 2007), and as mathematical learning disabilities in others 
(e.g., De Smedt et al., 2012; Desoete, 2007; Geary, 2011b; Mazzocco, 2007; Szűcs, 
2016). Furthermore, terms such as dyscalculia (e.g., Butterworth et al., 2011; Van 
Luit, 2019) or developmental dyscalculia (DD; e.g., Butterworth, 2008; Dehaene, 
1993; Shalev, 2004; Van Luit, & Toll, 2018)—contrasting acquired dyscalculia due to 
brain damage—are commonly used as well. These terms are interchangeable in 
some cases, and then roughly refer to the group of children with the weakest math 
performance (e.g., below a certain cut-off score). However, to others each term 
definitely means something else. Different nuances to the term MLD usually 
indicate gradations in the severity of the math learning problems (e.g., a difficulty 
is less severe than a disability), whereas DD oftentimes indicates more specific 
impairments such as a core deficit in the cognitive skill number sense (Butterworth 
et al., 2011; Dehaene, 1993; Shalev, 2004). Furthermore, it has been argued about 
the possibility of different subtypes of MLD (e.g., Geary, 2004; Moeller et al., 2012), 
and whether comorbid learning or behavioral disabilities should be used to explain 
math problems or not (Soares et al., 2017). 
 The use of different definitions for (subtypes of) MLD has resulted in very 
dissimilar research samples across studies, and one can question to what extent 
findings from one study are applicable to another (Peters, & Ansari, 2019). These 
samples do not only vary in the severity of math impairments, but differences may 
arise in the cognitive mechanisms that are associated with math performance too 
(Wylie et al., 2012). However, variability in the composition of learning difficulties 
occurs in daily life (Berninger et al., 2011), thus mixed samples may in fact be more 
representative to real classrooms. One could thus also question how harmful it is 
to use these different definitions for MLD, and whether distinguishing between 
different subtypes of MLD even makes sense. Remarkably, despite these different 
definitions for MLD, it is not exactly known what differentiates children with MLD 
from typical developing (TD) children. The former group displays of course a 
profile of weaker math abilities (Geary, 2011b), but it remains unclear to what 
extent the cognitive profiles of those children are different as well. Little empirical 
data has supported the claim that MLD is explicitly different from TD other than 
‘just’ lower achievement on numerical skills.
 Therefore, the aim of this dissertation was to investigate to what extent sub- 
groups of MLD differ from each other as well as from TD. The central research 
question was how these MLD groups differ from each other and from TD children 
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in terms of math performance and –development, as well as associated cognitive 
mechanisms. This introductory chapter starts with a theoretical framework 
on mathematics in primary school. Subsequently, the cognitive predictors of 
mathematics performance are discussed. The next paragraph describes recent 
advances in profiles and identification of children with MLD. The research question 
of this dissertation is elaborated on in the final paragraph of the general 
introduction.
Mathematics in Primary School
Primary school math learning involves continuously building upon a previously 
internalized set of knowledge and skills. Mathematics in this dissertation hence is 
defined as proficiency in basic arithmetic skills and the application of those skills 
into the domains of advanced mathematics. Having acquired preparatory math 
skills (such as counting) prior to systematic formal schooling is predictive of later 
math skills (Krajewski, & Schneider, 2009). In the first years of primary education, 
children apply the principles of preparatory math to learn basic arithmetic 
operations: Addition and subtraction in first grade, and in second and third 
grade multiplication and division as well. One aim of primary education in 
the Netherlands is gaining proficiency in basic arithmetic by automatizing and 
memorization of basic whole number facts, such as addition under 100 and single 
digit multiplication, respectively (Ministerie OCW, 2009). 
 Children’s math knowledge and skills expand massively in the intermediate 
and upper grades of primary education, because they learn to apply the principles 
of basic arithmetic operations into the domains of advanced mathematics. 
Advanced math problems entail large or rational numbers, and multiple steps 
generally need to be taken to find the correct answer (Mullis et al., 2016). 
The Dutch advanced math curriculum is divided into four domains: Numbers (e.g., 
calculations with large numbers), geometry (e.g., conversion of units), proportions 
(e.g., calculations with fractions), and data-analysis (e.g., reading tables and graphs; 
Ministerie OCW, 2009). In fourth and fifth grade, further automatizing and 
memorizing basic arithmetic operations as well as increasing proficiency in solving 
advanced math problems lies at the heart of the math curriculum (Ministerie 




Cognitive Predictors of Mathematics Performance
Individual variation in math performance can be explained by variability in 
related cognitive skills. Several cognitive skills have been identified to play a key 
role in mathematics: Number sense, working memory, nonverbal reasoning, 
and phonological processing (i.e., phonological awareness and rapid naming). 
First, the domain specific skill of number sense has been related to mathematics. 
Number sense is defined as the ability to recognize and understand non-symbolic 
numerosities (quantities) and symbolic numbers (number words and Arabic digits), 
and mapping between these numerical representations (Dehaene et al., 2003; 
Geary, 2011b). Strong number sense skills enable children to compare between 
numbers, and to perform mental calculations with them. In a recent meta-analysis 
of 45 studies on the association between number sense and basic arithmetic, effect 
sizes for symbolic skills (r = .30) were significantly larger than for non-symbolic 
skills (r = 24; Schneider et al., 2017). A wide range of numerical skills including 
symbolic number comparisons has also been related to advanced mathematics 
( f2 = .45; Jordan et al., 2010).
 A vast amount of research has identified working memory as a domain general 
cognitive factor in learning mathematics. Working memory involves temporal 
storage, processing, and recollection (i.e., the executive function of updating) of 
verbal and visuospatial information (Alloway et al., 2009; Passolunghi, & Siegel, 
2004). Strong working memory facilitates step-wise solving multiple-component 
math problems. A meta-analysis on the effects of working memory on basic 
arithmetic revealed moderate associations for visuospatial updating (k = 21 studies) 
and verbal updating (k = 85 studies; Friso-van den Bos et al., 2013). Effect sizes for 
the relation between working memory and advanced mathematics appear to vary 
for different domains, and have for instance reported to be small for geometry 
(Giofrè et al., 2014), medium for proportions (Hecht et al., 2003), and large for 
numbers (Swanson, & Sachse-Lee, 2001). 
 In addition, nonverbal reasoning, or general intellectual ability, has consistently 
been found as domain general predictor of mathematics. Nonverbal reasoning 
entails the ability to analyze visual input to aid understanding of logical structure 
(Stock et al., 2009). Strong reasoning helps children to draw inferences and consider 
alternative solutions. The role of nonverbal reasoning appears to be small for basic 
arithmetic, but large effects of nonverbal reasoning on advanced mathematics have 
been reported (Seethaler et al., 2011). 
 Lastly, phonological processing has emerged as domain general factor in 
mathematics as well. Phonological awareness (Vellutino et al., 2004) and rapid 
naming (Donker et al., 2016; Willburger et al., 2008) have been identified as 
relevant components of phonological processing. Convergent evidence from 
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research on language has suggested that these skills are involved in mathematics 
(De Smedt, & Boets, 2010; Kleemans et al., 2014; Willburger et al., 2008). Quick 
access to verbal codes stored in long-term memory (i.e., rapid naming) that 
correspond to number facts, and effective recognition and manipulation of those 
verbal codes (i.e., phonological awareness) are required for arithmetic fact retrieval 
(Simmons, & Singleton, 2008). For example, when solving a problem such as ‘3 * 8 = __’ 
that has sufficiently been memorized, or even a problem such as ‘13 * 8 = __’ that 
has not been internalized, one uses his phonological processing skills. Compared 
to arithmetic, the role of phonological processing in mathematics appears to be 
smaller (Alloway et al., 2005), and cross-sectional evidence in fifth-graders revealed 
that phonology might be indirectly related to mathematics via arithmetic 
(Kleemans et al., 2018).
Profiles and Identification of Children with 
Mathematical Learning Difficulties
Children who experience problems with acquiring proficiency in mathematics 
are defined as having mathematical learning difficulties (MLD) in the current 
dissertation. These children perform per definition weaker on mathematics compared 
with TD children, but different profiles of math difficulties have been described in 
the literature. First, children who do not master basic arithmetic fact retrieval 
commonly experience difficulties with solving advanced math tasks too (Andersson, 
2010; Geary et al., 2012a), because they spend most of their cognitive resources on 
performing relatively simple calculations which prevents them from taking more 
advanced steps in problem solving. However, Beaton and colleagues (1996) showed 
that this causal effect does not apply to all children. In their study, some children’s 
arithmetic skills were relatively intact, but these children still displayed math 
deficits. Other (cognitive) mechanisms might have induced their MLD.
 Children with weak math performance indeed display weaknesses in the 
cognitive skills related to mathematics. With respect to number sense, children 
with math difficulties performed worse on number comparison tasks than TD 
peers in a meta-analysis of 19 studies (Schwenk et al., 2017). Deficiencies in 
non-symbolic or symbolic numerical representations, or in mapping between 
those representations can result in a faulted concept of number which may be 
cause for the development of MLD (Butterworth, 2010; Von Aster, & Shalev, 2007). 
Working memory generally is weaker for children with MLD than TD children in 
meta-analyses (Friso-van den Bos et al., 2013; Peng, & Fuchs, 2016; Swanson, 
& Jerman, 2006). Children with weaker working memory capacities generally 




they have difficulties with employing suitable strategies to solve those tasks (Peng, 
& Fuchs, 2016). In addition, reasoning deficits have been associated with difficulties 
in the conceptual step from arithmetic to mathematics in children with MLD 
(Vukovic et al., 2014). Finally, phonological skills could possibly explain the 
frequent comorbidity between mathematics and reading (Slot et al., 2016). 
A phonological deficit has indeed been observed in children with weak math 
performance who had additional reading difficulties. It has been suggested that 
those children have difficulties with fact retrieval, which interferes with their 
mathematical abilities (Landerl et al., 2009). According to Pennington (2006), 
development occurs through an interconnected network of (cognitive) skills. The 
development of math difficulties could therefore for one child depend on a 
different profile of cognitive deficits than for another child. Children with MLD 
perform on average weaker on the aforementioned cognitive skills compared with 
TD children, but when individual children are investigated, they may have their 
own unique profiles of cognitive weaknesses and relative strengths (Koriakin et 
al., 2016). In fact, they may be able to compensate to some extent for their 
weaknesses by means of these cognitive strengths. 
 The heterogeneity in the profiles of MLD may thus be a consequence of 
individual variation between children, but could probably also be ascribed to 
discrepancies between studies, and between research and practice, regarding 
identification criteria for MLD. Structural, substantial low achievement on 
standardized mathematics tests generally is used as an indicator of MLD, but many 
definitions of MLD have appeared in research and practice. To elaborate, MLD (or 
developmental dyscalculia) is defined as severe, persistent, and specific difficulties 
with learning mathematics in clinical practice (APA, 2013; Ruijssenaars et al., 
2021). In order to be eligible for this diagnosis, math skills need to be substantially 
and quantifiably below what can be expected for didactical age (severity criterion), 
and difficulties have had to be present over multiple assessments despite 
intervention within at least six months (persistency criterion). Also, no additional 
learning, behavioral or other disability may be present that could explain the 
mathematical difficulties (specificity criterion). These diagnostic identification 
criteria have been selected based on scientific research. However, most research 
does not incorporate each of those criteria in their study designs. For instance, the 
persistency criterion often is omitted in sample selection procedures, and the 
definition of severity varies largely between studies due to arbitrary choices for 
cut-off scores with ranges documented from < 5% to < 46% (Murphy et al., 2007). 
Alignment with the specificity criterion can be a reason to exclude children with 
additional learning or behavioral disabilities in order to create a more homogeneous 
MLD sample (see Soares et al., 2017 for a review). In contrast, other studies explicitly 
address the comorbidity of MLD with learning and/or behavioral disabilities, 
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because they believe that the overlap between such disabilities partly can explain 
the development of MLD (e.g., Child et al., 2019; Peterson et al., 2017; Slot et al., 
2016). Thus, there appears to be a mismatch between the definitions used for MLD 
in research and clinical practice.
 Two other common criteria associated with MLD are IQ-discrepancy (i.e., math 
deficiencies despite normal intelligence; Fletcher et al., 1998) and a number sense 
core deficit. Although the criterion of IQ-discrepancy has been disregarded in 
clinical definitions of MLD, many researchers still use IQ scores to select more 
homogeneous samples. Lastly, a core deficit in number sense has regularly been 
reported to distinguish DD as a specific type of MLD (Butterworth et al., 2011; 
Dehaene, 1993; Shalev, 2004), but this criterion could be too restrictive as many 
other (cognitive) skills are involved in mathematics as well. Nevertheless, from a 
core deficit perspective it has been suggested that the domain specific cognitive 
skill number sense is predominantly associated with mathematics, whereas 
domain general cognitive skills only play an ancillary role. In contrast, in line 
with the Multiple Deficit Model it is suggested that an interconnected network 
of domain specific and domain general cognitive skills—such as number sense, 
working memory, nonverbal reasoning, and phonological processing—facilitates 
mathematics learning (Pennington, 2006).  
 The goal of narrow selection criteria for research and practice is to create 
relatively homogeneous MLD samples, which are then compared with relatively 
homogeneous TD samples. However, one unintentional consequence may be that 
MLD samples across studies are hardly comparable, because different criteria 
for MLD are applied in different studies. Another point of concern is that those 
‘homogeneous’ research samples possibly do not match with the real MLD 
phenotype (i.e., the observable characteristics of a child). This could explain why 
research to cognitive predictors of MLD has drawn inconsistent conclusions before, 
and why definitions of MLD in research diverge from those in clinical practice. 
 To summarize, number sense, working memory, nonverbal reasoning, and 
phonological processing are related to math performance. Children with MLD 
tend to have deficits in those cognitive skills, but it remains unclear whether all 
children with MLD have the same cognitive profile that can explain their math 
impairments, and whether this profile is substantially different from the cognitive 
mechanisms that are associated with math performance in TD children. It has 
been suggested that the nature of math difficulties can vary across children, 
because of differences in related cognitive skills (Geary, 2004; Moeller et al., 2012), 
and in terms of relative cognitive strengths that may even act as compensatory 
mechanisms. Another factor that could be involved in the profile of math 
difficulties is the comorbidity with reading difficulties in a subgroup of children 




be attributed to different selection criteria for MLD. However, few studies have 
investigated an interrelated network of cognitive deficits in different samples of 
MLD, or have compared this to the cognitive profile of TD, which complicates the 
comparison of relative cognitive deficits within children with MLD as well as 
between MLD and TD. 
The Present Dissertation
Research on mathematics and math difficulties generally differentiates between 
children with MLD and TD children. Insights from these studies provide evidence- 
based or evidence-informed practices for the development of diagnostic instruments 
for clinical practice. However, little is known about the consistency of math 
difficulties and associated cognitive skills within the MLD group. Performance on 
arithmetic and mathematics appears to be variable across children, which may 
also apply to associated cognitive weaknesses and strengths (i.e., number sense, 
working memory, nonverbal reasoning, and phonological processing). For clinicians 
it can therefore be indecipherable what skills to consider for prevention and 
remediation programs and whatnot. To add to that, it has been pointed out that 
MLD are very heterogeneous, but at the same time most scientific studies continue 
to contrast an arbitrary defined ‘homogeneous’ group of MLD against TD. Children 
with MLD are per definition different from their TD peers in terms of math 
abilities, because they are categorized as having MLD when their math performance 
falls (substantially) below average for a vast period of time. The question is whether 
the cognitive mechanisms that facilitate their math performance are different as 
well, and whether relative strengths in those cognitive skills could to some extent 
compensate for the difficulties with learning mathematics.
 Therefore, the aim of this dissertation was to investigate to what extent 
different subgroups of MLD (i.e., subdivided based on different performance- 
profiles, and based on more or less stringent sample selection criteria) differ from 
each other as well as from typical development.  The central research question 
was on how different children with MLD and TD children are in terms of math 
performance and –development, as well as associated cognitive skills. Three 
scientific studies that have been accepted or resubmitted for publication in 
international peer-reviewed journals were conducted to answer this research 
question. Two of those studies concern cross-sectional data in fourth grade (Chapter 2 
and 3), and the other study comprises longitudinal data from mid fourth grade to 
the end of fifth grade (Chapter 4), see Figure 1.1.
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In Chapter 2, compensatory mechanisms by means of relative cognitive strengths 
are described for children with specific MLD as well as for children with a comorbid 
LD in mathematics and reading. Cognitive skills included number sense, working 
memory, nonverbal reasoning, and phonological skills. It was investigated whether 
children with weak math performance are able to use alternative pathways to 
circumvent their cognitive deficits in order to develop some level of proficiency 
in mathematics. Chapter 3 reports on individual variation in math performance 
within low-achieving children. It was examined whether different profiles of 
MLD could be identified and related to the same cognitive characteristics as in 
Chapter 2 using a data-driven approach. Chapter 4 addressed the development in 
mathematics from mid fourth grade to the end of fifth grade. It was analyzed 
whether children with MLD appeal upon different cognitive mechanisms (the 
same as in Chapter 2) compared with TD children in their math development. 
Moreover, in Chapter 4 it was explored whether applying different selection 
criteria to MLD (i.e., severity, persistency, specificity, IQ-discrepancy, and core 
deficit) resulted into subsamples of MLD with different mathematical and cognitive 
profiles. To conclude, Chapter 5 provides a discussion of the main findings of these 
empirical studies, as well as general reflections and directions for future research, 
and ends with the main conclusions and practical implications of this dissertation.
Figure 1.1. Overview of chapters and assessments in the current dissertation.
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compensate weaknesses related to specific learning difficulties in fourth-grade 




The goal of the present study was to investigate whether children’s cognitive 
strengths can compensate the accompanied weaknesses related to their specific 
learning difficulties. A Bayesian multigroup mediation SEM analysis in 281 fourth- 
grade children identified a cognitive compensatory mechanism in children with 
mathematical learning difficulties (n = 36): Children with weak number sense, but 
strong rapid naming performed slightly better on mathematics compared to peers 
with weak rapid naming. In contrast, a compensatory mechanism was not 
identified for children with a comorbid mathematical and reading difficulty 
(n = 16). One explanation for the latter finding could relate to the lack of ability to 
compensate, because of the difficulties these children experience in both academic 
domains. These findings lead to a new direction in research on learning difficulties in 
mathematics and/or reading by suggesting that children with a learning disability 
each have a unique profile of interrelated cognitive strengths and weaknesses. 
Children might compensate with these strengths for their weaknesses, which could 





Primary school children’s academic performance is characterized by great individual 
variation, and even within the group of children with a specific learning difficulty 
there is much heterogeneity (Moll et al., 2018). Children who experience learning 
difficulties, for example in mathematics or reading, each may have their own 
unique profile of cognitive weaknesses and strengths. Although previous research 
has to some extent recognized cognitive strengths in relation to learning 
difficulties (e.g., Toffalini et al., 2017), the main body of empirical research on 
learning difficulties solely investigated the weaknesses associated with them (for 
meta-analyses see Araújo & Faísca, 2019; Schwenk et al., 2017). Nonetheless, 
children may use cognitive strengths to compensate for their cognitive weaknesses, 
to prevent the development of more severe learning difficulties. The present study 
aimed to investigate children’s cognitive strengths as potential compensatory 
mechanisms for cognitive weaknesses related to their performance on mathematics 
and reading.
 Research so far has made a significant contribution in identifying cognitive 
skills related to mathematics. Mathematics is defined as problem solving in the 
domains of proportions and geometry, including—but not limited to—calculations 
with fractions and measurements (Mullis, Martin, & Loveless, 2016). Variation in 
mathematics performance usually results from individual differences in number 
sense (Geary, 2011), working memory (Passolunghi & Siegel, 2004), and nonverbal 
reasoning (Kleemans et al., 2018). Number sense is defined as the capacity to 
recognize and understand symbolic numbers and non-symbolic numerosities 
(Dehaene et al., 1993; Dehaene et al., 2003), and has been found to play a key role 
in mathematics (Sasanguie et al., 2013). Working memory involves the temporal 
storage, processing and recollection (i.e., the executive function of updating) of 
verbal and visuospatial information (Alloway et al., 2009; Passolunghi & Siegel, 
2004), and has been identified as a second cognitive factor in mathematics. 
However, reported effect sizes range from small (cf., geometry; Giofre et al., 2014) 
to medium (cf., fractions; Hecht et al., 2003). Finally, nonverbal reasoning—or 
general intellectual ability—entails understanding of logical structure (Stock et 
al., 2009), and is strongly related to mathematics (with large effect sizes; Seethaler 
et al., 2011). Additionally, fact retrieval (i.e., automatizing and memorizing 
whole-number operations) is a prerequisite for advanced mathematics performance 
and acts as a mediator between effects of the cognitive skills on mathematics 
performance (Cirino et al., 2016).
 Weaknesses in a cognitive skill related to mathematics often result in low 
mathematics performance. This idea corresponds with multiple-deficit models, 
wherein it is assumed that a specific learning difficulty develops as a result of a 
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summation of its accompanying cognitive weaknesses (see e.g., McGrath et al., 
2011; Pennington, 2006; Willcutt et al., 2013). Children with low math abilities 
thus would display weaknesses in number sense, working memory and/or 
nonverbal reasoning. However, some children experience (additional) weaknesses 
in phonological awareness and/or rapid naming, which originally are reading- 
related cognitive skills that also have become evident as predictors of mathematical 
difficulties (Vukovic & Lesaux, 2013). Other linguistic skills have been related to 
mathematics as well, such as grammatical ability (Kleemans et al., 2018), 
vocabulary (Purpura et al., 2017), decoding (De Smedt et al., 2010), and reading 
comprehension (Björn et al., 2016). These skills may either be directly associated 
with mathematics, or through their interaction with phonological awareness and 
rapid naming. When taking such cognitive variables into perspective, there now 
seem to be multiple alternative pathways to being (un)able to perform mathematics, 
which makes it difficult to predict mathematics performance from a unique set of 
(cognitive) skills (LeFevre et al., 2010). The averaged findings that result from such 
studies thus may not apply to all children within a group, as they all may have 
their own unique profile of cognitive weaknesses and strengths.
 In a similar way, variation in reading performance (i.e., accurately decoding 
words and pseudo-words at an appropriate rate; Hasbrouck & Glaser, 2012) has 
consistently been linked to individual differences in phonological processing 
(i.e., phonological awareness and rapid naming; Landerl et al., 2009; Willcutt et al., 
2013). Phonological awareness can be defined as the conscious process of recognizing 
and manipulating (i.e., deletion and segmentation of) sound segments, and is 
positively related to reading (Vellutino et al., 2004). Rapid naming refers to the 
capacity to quickly access and retrieve information from memory, and can be 
subdivided into alphanumeric (i.e., naming digits and letters) and non-alphanumeric 
(i.e., naming colors and pictures) skills (Willburger et al., 2008). Reaction times for 
(non-) alphanumeric rapid naming are negatively related to reading (Vellutino 
et al., 2004). 
 Children with comparable cognitive weaknesses can even vary in the severity 
of their learning difficulties (Huijsmans et al., submitted). This clearly indicates 
that some children also have strengths in at least one other related cognitive skill, 
i.e., a compensatory mechanism to reduce the severity of their cognitive weaknesses. 
Compensation in the current study is defined as the ability to use an alternative 
(cognitive) skill to counteract a deficit in a closely related skill in order to maximize 
learning outcomes. This does not necessarily mean that a child with such compensatory 
strengths can fully overcome their learning problems, but we believe that the 
adverse effects of a cognitive deficit can be reduced by a cognitive strength.
 Few empirical studies do explicitly report on cognitive strengths in children 




reading disabilities only (e.g., Haft et al., 2016; Heim et al., 2008), or were restricted 
by only studying the intellectual profiles of various learning problems (Toffalini et 
al., 2017). Strengths in these studies, as well as in others (Ansari et al., 2003; 
Koriakin et al., 2017; Liu et al., 2017), have generally been defined as ‘relative 
strengths’, meaning that these children display above average performance on a 
cognitive skill compared to other children with similar characteristics (e.g., a 
learning difficulty). Following this line of defining cognitive strengths, the same 
definition was used in the present study. Based on compelling evidence that 
phonological processing skills are related to mathematics (Berch & Mazzocco, 
2007; Vukovic & Lesaux, 2013), it could be argued that strengths in phonological 
processing skills (i.e., phonological awareness and rapid naming) could act as a 
compensatory mechanism in mathematics performance. These cognitive skills 
might work on mathematics through related underlying cognitive deficits on for 
instance number sense and working memory. Children with such cognitive 
deficits may rely more on other cognitions when solving math problems. Their 
lack of understanding of number and numerosity (i.e., number sense) may to some 
extent be compensated by the ability to quickly retrieve procedural facts from 
long-term memory (i.e., rapid naming) to facilitate problem solving. Likewise, 
working memory and phonological awareness both enable children to manipulate 
(numerical) information (e.g., backwards recall or segmentation and blending, 
respectively), which can aid their math performance as well. The fact that children 
with specific mathematical difficulties mostly show weaknesses in number sense, 
working memory, and nonverbal reasoning (Slot et al., 2016), might indicate that 
a strength in phonological processing is a likely candidate for compensation of 
number sense or working memory weaknesses to prevent more severe math 
problems. In contrast, a strength in working memory could be a candidate for 
compensation of phonological deficits to reduce the severity of reading difficulties, 
because working memory has less consistently been related to reading than 
phonological awareness and rapid naming (Baddeley, 2003).
 Given the fact that mathematics and reading show some overlap in terms of 
cognitive predictors (i.e., phonological awareness, rapid naming, and working 
memory; Wilson et al., 2015), it could be expected that a deficit in those cognitive 
skills might result in a comorbid mathematics and reading learning difficulty. 
Children with such a comorbid learning difficulty, on average, display the poorest 
academic outcomes in the domains of mathematics and reading compared to 
other children, despite intelligence being within the normal range (Landerl et al., 
2009). For them, relying on compensatory cognitive skills when performing 
mathematics or reading tasks might not be possible, because cognitive strengths 
(relative to their peers) associated with mathematics and reading are less available 




Although cognitive strengths of children with specific learning difficulties have 
occasionally been recognized in recent studies, research often neglects to discuss 
the important implications of these strengths. This seems to be a misrepresentation of 
reality, because children’s cognitive strengths may in fact act as compensatory 
mechanisms against developing a comorbid learning deficit. Therefore, rather than 
just emphasizing children’s cognitive weaknesses as a marker of the development 
of learning deficits, the present study aimed to investigate children’s cognitive 
strengths as potential compensatory mechanisms for their cognitive weaknesses 
related to mathematics and/or reading proficiency. 
 It was hypothesized that children with either low mathematics performance, 
low reading performance, or a combination of both, show different compensatory 
mechanisms with respect to their learning difficulty. To examine this hypothesis, 
we assessed four different combinations of academic performance on mathematics 
and reading: Typical developing (TD) children, children with a specific learning 
difficulty in mathematics (MLD) or in reading (RLD) (i.e., below the 25th percentile 
on mathematics or reading respectively), and children with comorbid mathematical 
and reading learning difficulties (MRLD; i.e., below the 25th percentile on both 
mathematics and reading). Notice that we used a broad definition of learning 
difficulties, instead of just the inclusion of children with a diagnosis of dyscalculia 
or dyslexia. The reason for this approach is that it allowed us to investigate learning 
difficulties and associated cognitive strengths at the lower end of the continuum 
(Murphy et al., 2007). This interval includes the children wherein learning 
difficulties may be partly compensated, which may be a reason why they are not 
diagnosed with dyscalculia or dyslexia.
 In each of these groups, we assessed which cognitive skills had the strongest 
effects on mathematics and reading. For TD-children it was expected that number 
sense, working memory, and nonverbal reasoning have the strongest effect on 
mathematics. Fact retrieval might mediate the effect between these cognitive 
skills and mathematics. We expected phonological awareness and rapid naming to 
have the strongest effects on reading. For children with a specific learning 
difficulty on mathematics and/or reading, it was expected that different cognitive 
skills would show a stronger effect on the academic performance of interest 
(e.g., mathematics in the MLD group) compared to TD-children, because there is 
little variability on the regular predictors. Therefore, we investigated whether 
other medium to strong cognitive effects could be identified as a cognitive strength to 
compensate for cognitive weaknesses in the learning difficulty groups. Phonological 
processing skills might act as a compensatory mechanism for mathematics in 
children with low math abilities, because some children might show relatively 




This will result in better performance on mathematics compared to their peers 
without such a compensatory cognitive strength. Compensatory effects of number 
sense, working memory, and nonverbal reasoning are unlikely, as children with 
math problems often experience difficulties with these cognitive skills, and thus 
will show little variation (i.e., smaller effects) for those variables. In contrast, 
working memory might have the strongest effect on reading as a compensatory 
mechanism for children with low reading abilities, because for some om them their 
working memory performance might be relatively strong compared to peers. 
Children with reading problems are likely to show the least variance (and thus 
smaller effects) on phonological awareness and rapid naming. As number sense 
and nonverbal reasoning play a minor role in reading, a strength in working 
memory is the most likely candidate for compensation within reading. Finally, 
compensatory effects might be non-existent for children with comorbid learning 
difficulties, because they have low performance on all cognitive skills (i.e., little 
variance and thus smaller effects), and therefore cannot rely on cognitive strengths.
Methods
Participants and Procedure
The present study reported on data collected during the first measurement of an 
ongoing longitudinal study on the predictors of numerical development. The final 
sample included 281 fourth-grade children (Mage = 9.3 years, SD = 0.5) from eleven 
Dutch primary schools. The study was approved by the institutional ethics review 
board, and parental active informed consent was obtained prior to data collection. 
Exclusion criteria included any physical, behavioral or learning disability other 
than MLD or RLD, as reported by the teacher. All participants spoke Dutch fluently. 
Missing data for 61 children were handled using multiple imputation (Rubin, 
1987). Missing values were estimated ten times, and pooled into one aggregated 
score. Independent and dependent variables were imputed separately.
 Four groups were created for further analyses, using the Dutch national 
standardized tests for mathematics (CITO Rekenen-Wiskunde, CITO-RW, Mathematics 
test; Janssen et al., 2010) and reading (Cito Drie Minuten Test, DMT, Three Minutes 
Test; Verhoeven, 1992). Children with a mathematical learning difficulty (MLD; 
n = 36) scored at or below the 25th percentile on the CITO-RW and above the 25th 
percentile on the CITO-DMT. Children with a reading learning difficulty (RLD; 
n = 42) scored at or below the 25th percentile on the CITO-DMT and above the 25th 
percentile on the CITO-RW. Children with a mathematics and reading learning 
difficulty (MRLD; n = 16) scored at or below the 25th percentile on both the CITO-RW 
and the CITO-DMT. Finally, typically developing children (TD; n = 168) scored above 
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the 25th percentile on both tests. Parents of nineteen children (7%) did not permit 
the school to share their children’s CITO-scores. Therefore, these children were 
excluded from further analysis. 
 Background characteristics for the children in the TD, MLD, RLD, and MRLD 
groups are shown in Table 2.1. There were no age differences between groups (BFs 
< 2.31; anecdotal support; Jeffreys, 1961). Gender was equally distributed across 
groups, with the exception that there were more girls than boys within the group 
of MLD-children (i.e., 72.2% girls). Most children in each group were Dutch, and 
the parents of one quarter to one third of the children per group were relatively 
highly educated (i.e., applied university or university). Ethnic background and SES 
did not differ across groups (χ2s < 12.93, BFs < 1). 
The test battery lasted 3.5 hours per child (spread across several school days), 
consisting of classroom measures (mathematics, fact retrieval, phonological 
awareness, and nonverbal reasoning), computerized measures (number sense and 
working memory), and individual measures (decoding and rapid naming). All 
measures were administered by trained students who followed a standardized 
protocol. Classroom measures were administered in three test blocks of 45 minutes 
each (i.e., 2 hours and 15 minutes in total), counterbalanced across schools. Block 
A and B consisted of Parts 1 and 2 of the mathematics task, respectively. In Block C, 
the tasks for fact retrieval, phonological awareness, and nonverbal reasoning were 
administered consecutively. Computerized measures were self-reliant: Tasks were 
administered in approximately 45 minutes (15 minutes for number sense, and 30 
minutes for working memory) in a group-wise setting of approximately six 
children per subgroup. Individual measures were administered within 20 minutes 
per child in a quiet room, and included tests for decoding and rapid naming.
Table 2.1  Background characteristics for the TD, MLD, RLD and MRLD groups
TD (n = 168) MLD (n = 36) RLD (n = 42) MRLD (n = 16)
Mean age in months (SD) 115.82 (5.25) 118.92 (6.52) 118.33 (5.63) 119.06 (4.94)
Gender (% girls) 45.2% 72.2% 50.0% 56.3%
Ethnicity (% Dutch) 93.6% 86.2% 91.9% 78.6%
SES (% higher-education) 33.3% 19.4% 35.8% 25.0%
Note. A Bayesian one-way ANOVA for age and Bayesian chi-square tests for ethnicity and SES revealed no 





 Mathematics (for classification). The CITO-RW (Janssen et al., 2010) was used 
for classification of children as MLD or MRLD. This task is a Dutch national 
standardized test for mathematics with different, grade-appropriate versions 
(50–54 items per version) that are administered twice a year by the classroom 
teacher. The scores obtained in the middle of fourth-grade were used in the present 
study. Internal consistency was good (a > .91; Evers et al., 2009–2012).
 Mathematics (for analyses). An adapted version of the Schoolvaardigheidstoets 
 Rekenen-Wiskunde (SVT-RW, School Achievement Test for Mathematics; De Vos & 
Milikowski, 2012) was used to assess advanced mathematics. Items from the 
original SVT-RW for grades 4, 5, and 6 were selected (i.e., to prevent ceiling effects) 
and were combined into one task (e.g., 3 km + 300 m = ___ m; calculate the surface 
of ‘this’ object). Additional items from an older, no longer used version of the 
Dutch national test for mathematics (CITO-RW; Janssen et al., 2005), and the 
Fraction Competency Test (FCT; Brown & Quinn, 2007) were added to obtain a 
comprehensive assessment of children’s mathematical skills. An exemplary item 
for the CITO-RW was ‘mom buys 4 tickets of 15 euros each, and pays with 100 
euros. How much change does she receive?’, and for the FCT 3 – 1/5 = __. The final 
mathematics paper-and-pencil task was administered in the classroom. The task 
consisted of two parts with 61 open-ended computational problems in total, and a 
time limit of 45 minutes per part. The computational problems contained little 
text to prevent that children should rely on their reading skills. We ran several 
analyses to assess the mathematics task at the item level. Combined findings 
regarding 1) internal validity using item response theory (two-parameter Birnbaum 
model) in the open-source R software (version 3.4.4), and 2) fit to the latent factor 
by means of factor analysis in SPSS (version 23.0), resulted in the removal of five 
items that either were too difficult, discriminated poorly, and/or did not fit to the 
latent factor. Each correct answer yielded one point, summing to a total maximum 
score of (61 – 5 =) 56 points. Internal consistency in the present study was good (α = .89).
 Reading (for classification). The CITO-DMT (Verhoeven, 1992) was used for 
classification of children as RLD or MRLD. This task is a Dutch national standardized 
test for word reading with different, grade-appropriate versions (three reading cards 
per version) that are administered twice a year by the teacher. Each version consists of 
three reading cards with 150 words per card. Words increase in complexity across 
cards, shifting from monosyllabic words on the first card to polysyllabic words on the 
third card. The scores obtained in middle fourth-grade were used in the present study. 
Internal consistency was good (a = .80; Evers et al., 2009–2012).
 Reading (for analyses). Children’s reading was assessed individually using two 
measures. Word decoding was measured with the Eén Minuut Test (EMT, One Minute 
Test; Brus & Voeten, 1999), and pseudoword decoding was measured with the Klepel 
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(Van den Bos et al., 1994). In both tasks, children had to accurately read as many 
unrelated (pseudo-)words as they could within one minute. To increase difficulty 
level, word length increased from one to four syllables. The number of correctly 
read (pseudo-)words for each task was the raw score, with a maximum of 116 words 
per task. Scores from both tasks were averaged into one score for decoding. Internal 
consistency was good, with α = .90 for the EMT and α = .92 for the Klepel (Evers et 
al., 2009-2012).
 Fact retrieval. The Tempo Test Automatiseren (TTA, Speeded Arithmetic Test; De Vos, 
2010) was used in the participants’ classroom to assess children’s fact retrieval. 
The four subtests addition, subtraction, multiplication and division each included 
50 paper-and pencil problems of increasing complexity. Children were instructed 
to solve as many problems per subtest as possible within two minutes. Each correct 
answer yielded one point, summing to a maximum score of 200 points. Internal 
consistency for all subtests was at least sufficient (α’s > .78; Evers et al., 2009-2012).
 Number sense. Number sense was assessed with the computerized Dutch 
Assessment battery for Number Sense (DANS; Friso-van den Bos et al., 2015). There were 
two subtests: Symbolic comparison and non-symbolic comparison. Stimuli were 
presented at random using E-prime software (Version 2.0). The symbolic and 
non-symbolic comparison tasks required participants to rapidly indicate which of 
two numbers (symbolic) or sets of dots (non-symbolic) was the largest using 
key-press. Average size and range for symbolic number were M = 49.17, Range = 10; 
96, and for non-symbolic numerosity M = 52.02, Range = 14; 97. The mean and 
range of the ratios were M = .75, Range = .63; .88, and M = .78, Range = .63; 1.00 for 
symbolic number and non-symbolic numerosity, respectively. Dot size, area, and 
density were manipulated in the non-symbolic condition using the approach of 
Dehaene et al., 2005, to ensure that the responses are being associated with 
quantity instead of dot patterns. After a training block, testing blocks with 33 and 
43 items, respectively, of varying difficulty were administered in random order. 
Average reaction time in ms for the correct trials was used for further analysis, 
because accuracy scores produced ceiling effects in the symbolic condition (M = 
32.43, SD = 2.52; non-symbolic condition, M = 27.92, SD = 3.50). Internal consistency 
of the comparison tasks is good (α’s > .84; Kline, 1999).
 Working memory. The online computerized tasks Lion game and Monkey game 
were used to assess visuospatial and verbal working memory, respectively. In the 
Lion game, children had to remember the locations of pictures of colored lions 
within a 4 x 4 matrix (Van de Weijer-Bergsma et al., 2015). Children were presented 
with 20 items (five levels of four items) and for each item had to indicate the last 
location(s) of one or more lion(s) of a specific color (e.g., red, blue, yellow, green, or 
purple). In the monkey game, children had to remember and recall spoken familiar 




presented with 20 items (five levels of four items), and by mouse click on written 
words in a 3 x 3 matrix were able to indicate the correct backwards order of the 
spoken words. For both tasks, the average proportion of correctly recalled items 
was used as raw score. Internal consistency for both tasks was good (α’s > .87; Van 
de Weijer-Bergsma et al., 2015; 2016).
 Phonological awareness. A phonological awareness task (Knoop-van Campen et al., 
2018) was administered in the classroom. In the 18-item deletion subtask, children 
had four seconds to delete a letter (e.g., ‘s’) from a spoken word (e.g., ‘small’), and cross 
the corresponding picture (e.g., ‘mall’, with distracters ‘ball’ and ‘wall’). In the 
12-item spoonerism subtask, five pictures were shown and children had five seconds 
to switch the first letters of two verbally presented words (e.g., ‘mouse’ and ‘heat’ 
become ‘house’ and ‘meat’) by crossing the corresponding pictures. On each task, 
one point was given per correct answer (cf. a maximum score of (2 * 12 = ) 24 points). 
Internal consistency was sufficient (α = .70, Knoop-van Campen et al., 2018).
 Rapid naming. The Continu Benoemen subtest of the Continu Benoemen en 
Woorden Lezen test (CB&WL, Continuous Naming and Word Reading; Van den Bos & 
Lutje Spelberg, 2007) was administered individually to measure rapid naming. It 
exists of four subtests with five high frequent items: Colors (black, yellow, red, 
green, blue), digits (2, 4, 5, 8, 9), pictures (tree, chair, duck, scissors, bike), and 
letters (d, o, a, s, p). Children were instructed to rapidly and accurately name these 
visually presented items. All items were at random presented 10 times (i.e., 50 
items per subtest, 200 items in total). Averaged overall naming time in seconds was 
used as raw score. Split-half reliability and test-retest reliability were sufficient (α’s 
> .75; Evers et al., 2009-2012).
 Nonverbal reasoning. Raven’s Standard Progressive Matrices were used to assess 
nonverbal reasoning (Raven, 1976). This task consists of 60 visual patterns (i.e., five 
sets of twelve items), with increasing difficulty. In the first set, one part was 
missing for each item. Children were asked to select the missing part to logically 
complete the design out of six alternatives. In the remaining sets, four to nine 
pattered figures were presented, from which the final figure was missing. Children 
selected the missing figure out of six to eight alternatives. The number of correct 
answers were counted, summing to a maximum score of 60 points. Internal 
consistency was good (α > .90; Raven, Styles, & Raven, 1998).
Analysis Strategy
 Preliminary analyses. All variables were approximately normally distributed 
(standardized |skewness| and |kurtosis| < 3.0). This was computed by dividing the 
skewness and kurtosis statistics (obtained in SPSS, version 25) by their standard 
errors. Outliers that diverged more than three standard deviations from the mean 
(> |3.29|) were winsorized. Subvariables of all cognitive constructs were correlated 
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in the total sample (BFs > 16.07; strong support; Jeffreys, 1961). This was the case for 
number sense (r = .34 for non-symbolic and symbolic comparison), working 
memory (r = .16 for verbal and visuospatial working memory), phonological 
awareness (r = .35 for deletion and spoonerism), and rapid naming (r = .64 for 
alphanumeric and non-alphanumeric rapid naming). It should be noted, however, 
that the correlation between both working memory constructs was relatively 
weak, but both observed variables were still combined into one latent variable in 
further analyses in line with previous research (Giofrè et al., 2014; Gray et al., 
2017; LeFevre et al., 2013). There was strong support (BFs > 7313174) for correlations 
between working memory, phonological awareness, and nonverbal reasoning, see 
Table 2.2. The other cognitive skills were not related to each other, thus covariances 
for those associations were set to zero in further analyses.
 Statistical analyses. Bayesian structural equation modelling (BSEM) was conducted 
to examine cognitive compensatory mechanisms in mathematics and decoding, 
using the blavaan-package (Merkle & Rosseel, 2018) in open-source R software 
(version 3.6.1). A Bayesian approach was chosen because this allowed us to estimate 
a complex multigroup mediation SEM model within a small sample: There are few 
children with a (specific) learning difficulty within a regular sample of primary 
school children (as explained in the introduction). Another advantage of the 
Bayesian technique is that we could specify informative priors. See Van de Schoot 
and Depaoli (2014) and Van de Schoot et al. (2014) for a further (introductory) 
discussion of the advantages of Bayesian analyses. Unique effects between the 
cognitive skills and mathematics, and between the cognitive skills and decoding 
have already been established in previous empirical research and including this 
information as priors in our comprehensive model lead to more reliable results. 
Beta’s and precision scores (corrected for sample size) were obtained from the data 
reported in those studies, and were used to specify the limits to the normal 










Phonological awareness -.11 .37*
Rapid naminga .13 -.01 -.14
Nonverbal reasoning .08 .39* .36* .05




distribution of the priors, see Appendix. Prior information was retrieved from 
mixed samples (e.g., TD and MLD) as much as possible, because the same values 
were used in all models as we employed a multigroup approach. BSEM does not 
require the same assumptions as frequentist SEM (e.g., asymptotic normality), 
because exact posterior distributions can be estimated (instead of assumed) for any 
functional of the parameters and latent variables (Levy, 2011).
 First, a Bayesian confirmatory factor analysis (BCFA; measurement model) was 
conducted on the whole sample to depict indicators of the standardized latent 
exogenous cognitive skills (i.e., number sense, working memory, phonological 
awareness, and rapid naming), and the standardized latent endogenous behavioral 
skills (i.e., mathematics, decoding, and fact retrieval). Nonverbal reasoning had a 
single indicator and was therefore set to ‘1’. Number sense and rapid naming were 
reaction time measures, and were recoded prior to the analyses. Second, a Bayesian 
mediation path analysis (BSEM; structural model) was carried out to display the 
predictors of mathematics and decoding, once within the full sample (reference 
model), and once within TD, MLD, RLD and MRLD children (multigroup model). 
Fact retrieval was included in the model as mediator between the cognitive skills 
and mathematics. Goodness of fit of the models was examined using the posterior 
predictive p-value (ppp ≥ 0.05 indicates good fit; Meng, 1994), and models were 
compared using several information criteria (dic, waic, and looic; smaller values 
indicate better fit of the model to the data compared to a model with larger values; 
Spiegelhalter et al., 2002). All Bayes Factors (i.e., the test statistic) were interpreted 
according to the guidelines by Jeffreys (1961), see Table 2.3.
Table 2.3  Interpretation of the Bayes factor (Jeffreys, 1961)
Bayes factor Interpretation
> 100 Decisive evidence for H1
30 - 100 Very strong evidence for H1
10 - 30 Strong evidence for H1
3 - 10 Substantial evidence for H1
1 - 3 Anecdotal evidence for H1
1 No evidence
1/3 - 1 Anecdotal evidence for H0
1/10 - 1/3 Substantial evidence for H0
1/30 - 1/10 Strong evidence for H0
1/100 - 1/30 Very strong evidence for H0
< 1/100 Decisive evidence for H0
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 To explore compensatory mechanisms, Bayesian independent samples t-tests 
were conducted in R using the BayesFactor-package (Morey, 2018). This exploratory 
analysis was carried out to examine whether children with a cognitive strength—
as opposed to a weakness in that same cognitive skill—can compensate for a related 
cognitive weakness associated with their learning difficulty. In line with Ansari et 
al., 2003; Haft et al., 2016; Heim et al., 2008; Koriakin et al., 2017; Liu et al., 2017; 
Toffalini et al., 2017, a strength was defined as +1SD relative to the sample mean, 
and a weakness as -1SD relative to the sample mean.
Results
Descriptive Statistics
Descriptive statistics for all behavioral and cognitive measures are displayed in 
Table 2.4. Interesting to note is that mathematics performance in the MLD- and 
MRLD-group was significantly lower than the RLD-group, which in turn was 
weaker compared to TD-group. In contrast, performance on decoding of the RLD- 
and MRLD-group was significantly weaker than for the TD- and MLD-group. Fact 
retrieval of the MLD- and MRLD-group was significantly lower than for the 
TD-group. However, fact retrieval skills of the RLD-group were similar to those of 
the MLD- and MRLD-group. 
 With respect to the mathematics predictors, for number sense the MRLD-group 
performed the worst (i.e., they had the slowest reaction times) on symbolic number 
sense. Contrary to our expectations, the MLD-group performed the best (i.e., 
quickest reaction times on correct trials) of all groups on non-symbolic number 
sense, which will be elucidated in the discussion section. Verbal working memory 
performance was significantly weaker in all learning-difficulty groups compared 
to TD-children, but visuospatial working memory did not differ across groups. 
Finally, nonverbal reasoning was significantly weaker in the MLD- and MRLD-group 
than in the TD- and RLD-group. Regarding the linguistic predictors, we found that 
phonological awareness was significantly weaker in the learning-difficulty groups 
compared to TD-children. Finally, rapid naming was significantly weaker in the 
RLD- and MRLD-groups compared in the TD- and MLD-groups. Variance across 
groups on all cognitive measures was quite similar. 
 Correlations. Correlations between the behavioral and cognitive skills of the 
overall sample are presented in Table 2.5. Mathematics had a significant positive 
correlation with working memory, phonological awareness, and nonverbal 
reasoning. Furthermore, mathematics was correlated to fact retrieval (r = .52, 
BF = 7.3420; strong support; Jeffreys, 1961). Fact retrieval itself had a significant 




times indicate lower fact retrieval scores), and a significant positive correlation 
with working memory, phonological awareness and nonverbal reasoning. Finally, 
decoding had a significant negative correlation with rapid naming (i.e., slower 
reaction times indicate lower decoding scores), and a significant positive 
correlation with phonological awareness.
Table 2.4   Means (standard deviations) for the TD, MLD, RLD and MRLD groups. 
Note that group means with different superscripts are different (BF > 3)
TD (n = 168) MLD (n = 36) RLD (n = 42) MRLD (n = 16)
Mathematics 20.62 (7.36)a 9.34 (5.08)c 17.29 (7.49)b 9.63 (5.02)c
Decoding 53.04 (9.39)a 51.79 (9.56)a 36.69 (8.00)b 35.09 (8.20)b
Fact retrieval 126.34 (30.47)a 91.38 (26.70)b 106.51 (30.27)b 84.63 (33.87)b
Number sense (ms)
Symbolic 1167.73 (259.64)a 1195.47 (224.02)a 1171.74 (192.13)a 1474.71 (255.02)b
Non-symbolic 1291.90 (300.28)a 1042.07 (308.28)b 1322.17 (283.27)a 1323.19 (317.37)a
Working memory (p)
Verbal 0.58 (0.09)a 0.48 (0.15)b 0.51 (0.13)b 0.48 (0.08)b
Visuospatial 0.74 (0.12)a 0.69 (0.14)a 0.74 (0.12)a 0.68 (0.15)a
Phonological awareness
Deletion 15.55 (2.51)a 14.12 (3.05)b 14.62 (2.30)ab 13.38 (2.13)b












Nonverbal reasoning 41.11 (6.56)a 33.41 (6.31)b 39.85 (5.85)a 33.53 (5.88)b
Table 2.5   Correlations between latent behavioral skills and latent cognitive  











Mathematics -.12 .39*** .38*** -.13* .51***
Decoding -.12 .07 .33*** -.56*** .00
Fact retrieval -.19* .22** .31*** -.29*** .21**
*BF = 1–3 (anecdotal support); **BF = 3–10 (substantial support); ***BF > 10 (strong support); see Jeffreys, 
1961. a Reaction time measures.
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Bayesian Multigroup Mediation Structural Equation Model
The combined sample of all children was used to create a measurement model 
(Figure 2.1) with subvariables of cognitive predictors (number sense, working memory, 
phonological awareness, rapid naming, and nonverbal reasoning), behavioral outcomes 
(mathematics and decoding), and behavioral mediator (fact retrieval). Model fit to 
the data was considered sufficient, ppp = .06.
 Next, structural relations by means of informative priors were included in the 
measurement model to facilitate SEM. A Bayesian mediation SEM analyses was 
conducted on the combined sample of all children to create a reference model. 
A Bayesian multigroup mediation SEM analyses was conducted on the TD, MLD, 
RLD, and MRLD group, again using the measurement model that was retrieved 
from the combined sample of all children. The group factor was constructed such 
that the LD groups were compared with the TD group. Fit statistics and information 
criteria from the multigroup model were compared to the reference model, see 
Table 2.6, and revealed that the multigroup model was preferred because of better 
model fit and smaller values for the information criteria. In fact, the reference 
model showed poor fit to the data, and was therefore neither plotted nor interpreted 
in the present study.
 For the TD group (Figure 2.2), mathematics was mainly predicted by working 
memory and nonverbal reasoning. Fact retrieval did not mediate this effect, but 
number sense, working memory, phonological awareness, and rapid naming were 
predictors of fact retrieval. Decoding was mainly predicted by working memory, 
phonological awareness, and rapid naming. In total, the cognitive predictors 
explained 68% of the variance in mathematics, 64% of the variance in decoding, 
and 43% of the variance in fact retrieval.
 For the children with low math abilities (Figure 2.3), mathematics was mainly 
predicted by rapid naming. Fact retrieval mediated this effect. Decoding too was 
mainly predicted by rapid naming. In total, the cognitive predictors explained 
53% of the variance in mathematics, 55% of the variance in decoding, and 59% of 
the variance in fact retrieval.
 For the children with low decoding abilities (Figure 2.4), mathematics was 
mainly predicted by number sense, rapid naming, and nonverbal reasoning. Fact 
retrieval mediated this effect for rapid naming and number sense. Decoding too 
was mainly predicted by rapid naming. In total, the cognitive predictors explained 
82% of the variance in mathematics, 75% of the variance in decoding, and 89% of 
the variance in fact retrieval.
 For the children with mathematics and reading difficulties (Figure 2.5), 
mathematics was mainly predicted by number sense and rapid naming. Fact 
retrieval did not mediate this effect, but was predicted by number sense. Decoding 































































































































































































































































































the cognitive predictors explained 41% of the variance in mathematics, 3% of the 
variance in decoding, and 22% of the variance in fact retrieval.
 Indirect and total effects for mediation by fact retrieval are presented in Table 2.7. 
Within TD children, direct effects of the cognitive skills on mathematics (especially 
for working memory and nonverbal reasoning) were stronger than indirect effects 
via fact retrieval. For the MLD group and RLD group, the effects of rapid naming, 
and rapid naming and number sense, respectively, on mathematics were mediated 
by fact retrieval, but the direction of these effects was negative and should therefore 
be interpreted with care: Children with higher scores on fact retrieval appeared to 
perform weaker on mathematics.
 Lastly, to ensure that the priors did not affect our data substantially, a sensitivity 
analysis with non-informative priors was modelled. All other parameters were 
kept the same as in the main analysis. Fit statistics and information criteria are 
displayed in Table 2.6. Overall, results from the sensitivity analysis were quite 
similar to the main analysis. However, based on the sensitivity model it appears 
as if the priors have had some impact on the data. First, some effects were more 
extreme in the sensitivity analysis, whereas others were more tempered. To elaborate, 
the effects of working memory on mathematics and decoding were larger in the 
TD-group in the sensitivity model than in the main model, although they remained 
to be in the same direction. In contrast, the effects of number sense and rapid 
naming on mathematics were smaller in all four groups in the sensitivity model 
as opposed to the main model, but again the direction of the effects remained the 
same. Despite these shifts in the sizes of the effects, conclusions regarding those 
variables were the same for both the sensitivity analysis and the main analysis. 
Table 2.6   Information criteria for the comparison of the multigroup model to 
the reference model
Model ppp DIC WAIC LOOIC
Multigroup 0.26 9963.78 10070.79 10079.98
Reference 0.00 10916.68 10933.02 10933.21
Sensitivity 0.48 9855.93 10018.36 10026.07


































































































































































































































































































































































































































































































































































































































































































































































































































































In contrast, conclusions regarding the mediation effects were different based on 
how informative the priors were. Under the non-informative priors (i.e., sensitivity 
model), the effect of fact retrieval on mathematics became close to zero (but was 
still negative) in the MLD-group, and even switched directions in the RLD-group 
(i.e., became positive instead of negative) as opposed to the informative priors (i.e., 
main model). This finding will be further reflected on in the Discussion. Overall, 
except for the mediation effects, data were not substantially affected by the priors.
 Taken together, the Bayesian SEM model for the TD-children was matching 
findings from empirical research: Mathematics and fact retrieval were predicted 
by the mathematic cognitive skills, and also to some extent by the linguistic 
predictors. Decoding was predicted by these linguistic cognitive skills as well. For 
the children with MLD, rapid naming was the strongest predictor for mathematics, 
fact retrieval and decoding. Their rapid naming scores were at the same level as 
TD-children’s performance, in spite of the specific numerical learning difficulty 
of these children with MLD. For the children with RLD, number sense was a 
strong predictor for mathematics. Rapid naming too was a strong predictor for 
mathematics, fact retrieval and decoding. Their number sense scores were at the 
same level as TD-children’s performance. Rapid naming scores of children with 
RLD were weaker compared to TD-children. Finally, for the children with MRLD, 
number sense was a strong predictor for mathematics. There were no strong 
effects for fact retrieval and decoding. Symbolic number sense was the weakest in 
the MRLD-group compared to the other groups. Fact retrieval mediated the effect 
of rapid naming on mathematics in children with MLD and RLD, as well as the 
effect of number sense on mathematics in children with RLD.
Table 2.7  Indirect and total effects of the cognitive skills on mathematics 
mediated by fact retrieval
TD MLD RLD MRLD
Indirect Total Indirect Total Indirect Total Indirect Total
Number sense 0.18 0.38 -0.05 0.16 -0.32 0.20 -0.01 0.53
Working memory -0.13 0.32 -0.05 0.05 -0.20 -0.08 -0.01 0.02
Phonological 
awareness
0.11 0.19 -0.07 0.20 -0.18 -0.01 -0.01 0.06
Rapid naming 0.12 0.10 -0.35 0.55 -1.93 0.26 -0.01 0.35
Nonverbal reasoning 0.07 0.49 0.05 0.21 0.18 0.47 0.00 -0.06




To further examine whether rapid naming could be identified as compensatory 
mechanisms for mathematics, an exploratory Bayesian independent samples t-test 
was conducted in R using the BayesFactor-package (Morey, 2018). The previous 
analyses showed that number sense also predicted mathematics. Moreover, 
number sense has been indicated as an important marker of mathematics 
performance in the literature (Geary, 2011). Therefore, we first selected children 
whose number sense scores were ≤1SD below the mean of the full sample. The full 
sample was used to avoid that selection of children with weak math scores might 
exclude those with strong compensatory mechanisms, who as a result do not fit 
with our selection criteria. Next, children were divided into two subgroups (-1SD 
and +1SD) based on their rapid naming scores: One group of children had weak 
number sense and weak rapid naming, and another group had weak number sense 
but strong rapid naming. Descriptives for both groups are displayed in Table 2.8.
The subgroups were compared on mathematics and on fact retrieval. Multivariate 
Bayesian analyses showed that the subgroups were different, BF = 3.98 (moderate 
support for H1; Jeffreys, 1961). A Bayesian t-test revealed that the subgroups differed 
on mathematics, BF = 4.77 (moderate support for H1; Jeffreys, 1961). Children with 
stronger rapid naming performed relatively better on mathematics (M = 9.20, SD = 
6.33, n = 54) than children with weaker rapid naming (M = 8.10, SD = 5.80, n = 61). 
A Bayesian t-test for fact retrieval also suggested that the subgroups differed, 
BF = 2.11 (anecdotal support for H1; Jeffreys, 1961). Children with stronger rapid 
naming performed relatively better on fact retrieval (M = 116.13, SD = 30.73, n = 54) 
compared to children with weaker rapid naming (M = 106.31, SD = 33.51, n = 58).
Table 2.8  Background characteristics for the follow-up analyses
Weak number sense, strong
rapid naming (n = 54)
Weak number sense, weak




Working memory .65 (.10) .62 (.09)
Nonverbal reasoning 39.28 (7.75) 40.53 (5.81)
Note. Bayesian chi-square tests revealed that the number (#) of children per LD group was different (BFs > 3). 






Cognitive strengths were investigated in the present study as potential compensatory 
mechanism for primary school children’s cognitive weaknesses to partly overcome 
their learning difficulties in mathematics and/or reading. To elaborate, children 
with low mathematics performance seem to benefit from strong rapid naming 
skills to compensate for number sense and/or working memory weaknesses. 
A compensatory mechanism for a comorbid mathematics and reading learning 
difficulty was not identified in the present study.
 Four groups were created using curriculum-based mathematics and reading 
scores in order to identify cognitive skills that could act as a compensatory 
mechanism for children with different ability levels. A Bayesian multigroup 
mediation SEM analyses showed that the model for typical developing (TD) 
children was consistent with the existing literature (see e.g., Araújo et al., 2015; 
Friso-van den Bos et al., 2013; Schneider et al., 2017 for meta-analyses). In short, 
mathematics was primarily predicted by number sense, working memory, 
nonverbal reasoning, and fact retrieval. Reading was primarily predicted by 
phonological awareness, rapid naming, and working memory. These findings are 
in line with our hypothesis. High achievers in any (combination) of those predictors, 
displayed higher performance on mathematics or reading as well.
 It should be noted, however, that the direction of the effect of working memory 
on fact retrieval and reading was negative. In other words, weaker working memory 
skills were related to better fact retrieval and better decoding in TD-children. 
This somewhat unexpected result may be explained by means of a confounding 
variable. Working memory (or updating) can be viewed as an executive function 
(Miyake et al., 2000). The other executive functions of inhibition and shifting 
could be involved in fact retrieval and reading as well. Fact retrieval and reading 
both are timed measures, and a child will likely perform weaker on those tasks 
when he is, for example, distracted by task-irrelevant stimuli. When a child has to 
use much of his working memory resources on relatively simple tasks such as fact 
retrieval and reading, the efficacy of other executive functions might decrease, 
which may make him more prone to errors in those tasks. 
 Further it was expected that phonological processing (i.e., phonological awareness 
and/or rapid naming) could be identified as a cognitive compensation mechanism 
within children with mathematical difficulties. The results indeed showed that, 
within the MLD group, mathematics scores were better for children with relatively 
stronger rapid naming skills compared to peers with relatively weaker rapid naming 
skills. Note that the children with a strength in rapid naming still performed 
worse on a mathematical task than children without any mathematical difficulties 
despite the compensatory effect from rapid naming.
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 Next, we investigated if our interpretation of the Bayesian SEM analyses holds: 
Does rapid naming also take on the role of a cognitive compensation in a regular 
primary school population? Performance on mathematics and reading was examined 
on a continuous dimensional scale for children with strong performance on this 
cognitive skill compared to children with weak performance on that same skill. 
The exploratory Bayesian t-tests in our full sample indeed confirmed our hypothesis 
that children with strong rapid naming (and a weak number sense as marker for 
mathematical difficulties) performed slightly better on mathematics and fact 
retrieval than children with weak rapid naming. Mean differences were small and 
standard deviations were large, thus cognitive compensation is not considered a 
mechanism that can resolve learning difficulties, and it may not apply to all 
children. Nevertheless, small gains in mathematics performance can be very 
meaningful for children with MLD. These results therefore point into the direction 
that rapid naming as a compensatory mechanism can reduce the severity of MLD.
 For reading, a cognitive compensatory mechanism was not identified in the 
present study. It was hypothesized that a strength in working memory might be a 
candidate for compensation, because previous research has shown that working 
memory is a less consistent predictor of reading compared to for example phono - 
logical awareness and rapid naming (Baddeley, 2003). However, this hypothesis 
was not supported. Working memory evidently is a prerequisite for reading (Savage 
et al., 2007), just like the other cognitive skills phonological awareness and rapid 
naming. Proficiency in certain (cognitive) skills may be essential for a child in 
order to be able to read. In contrast, MLD is a more heterogeneous learning 
disability (e.g., Price & Ansari, 2013), and for mathematics one may take alternative 
routes to acquire a minimum level of performance. Thus, there may be more 
possibilities for cognitive compensation in mathematics as opposed to reading. 
Nevertheless, strengths in other variables such as vocabulary (Haft et al., 2016), 
or affective variables such as motivation and self-esteem (Durlak et al., 2011) may 
be possible candidates for compensation of weaknesses related to reading. 
An alternative explanation for the lack of a compensatory mechanism for reading 
in the present study, is the outcome measure that has been used. Reading was 
 operationalized by (pseudo-)word decoding in the present study. However, a more 
complex task such as reading comprehension might appeal upon more cognitive 
skills, and may thus be more comparable with the complex problem solving task 
for mathematics. Indeed, previous research has shown that decoding is more 
associated with fact retrieval (De Smedt et al., 2010; Jordan et al., 2010), whereas 
reading comprehension is more associated with math problem solving (Björn et 
al., 2016; Pimperton & Nation, 2010). Thus, we cannot rule out the possibility that 
when a measure of reading comprehension had been included, a compensatory 




 Furthermore, there was a strong effect of number sense on mathematics 
within the children with reading difficulties. As not every child with a specific 
learning deficit develops a comorbid learning difficulty (i.e., children with reading 
difficulties performed better on mathematics than children with either specific or 
comorbid mathematical difficulties in the present study), we would like to suggest 
to the reader that the effect of number sense may be interpreted as a preventive 
mechanism for developing comorbid math difficulties. A strength in number 
sense might not compensate for cognitive weaknesses related to RLD per se (Moll 
et al., 2015), but we speculate that it might prevent these children from the adverse 
effects of for example a phonological deficit. Such a deficit is of course related to 
reading difficulties and generally is also related to mathematical difficulties 
(Wilson et al., 2015). Due to a strong number sense, however, children may be able 
to avert this disadvantage by developing specific reading problems instead of a 
comorbid mathematics and reading learning difficulty.
 With respect to children with a comorbid mathematical and reading learning 
difficulty (MRLD), results should be interpreted carefully. Although one of the 
advantages of Bayesian analyses is that it can be applied in small samples, any 
analyses with less than twenty children may be too small to detect an effect, 
especially for a complex model such as a multigroup mediation SEM (De Santis, 
2007). We could therefore not confirm our hypothesis that compensation is not 
possible for children with MRLD. Nevertheless, there was little variance on the 
cognitive measures in the present study, as well as in previous research (Andersson, 
2010), which demonstrates that children with MRLD are weak across the board. 
As these children show weaknesses on (almost) all cognitive skills related to their 
mathematics and reading performance, we carefully suggest that children with 
MRLD, who are known to have the most serious learning problem (Kaplan et al., 
2006), are unable to compensate with a cognitive strength. This hypothesis should 
be tested in future research in a larger sample of children with MRLD.
 The MRLD model also showed a relatively strong effect of number sense. 
Although this finding too should be interpreted with care, this is in line with the 
existing body of literature. It has previously been suggested that number sense can 
mainly be used to differentiate within children who are at the lower end of the 
continuum for mathematics (Geary et al., 2012). Variability in number sense skills 
cannot be used to distinct between children with strong math skills, because 
apparently all of them are able to solve these relatively simple numerical tasks. 
A child with very weak overall cognitive skills related to developing a mathematical 
and reading learning difficulty (i.e., the lower extreme of the continuum), might 
still benefit from slightly better number sense skills (compared to peers) when 
learning mathematics. Then again, the MRLD sample was quite small, thus future 
research should attempt to confirm this hypothesis by comparing children with 
MRLD with different levels of number sense in a larger sample size.
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 Previous research has demonstrated that the comorbidity between MLD and 
RLD likely occurs because of an overlap in the predictors of mathematics and 
reading. For instance, a child with weak phonological skills likely suffers from 
both mathematical and reading difficulties (Wilson et a l., 2015). With respect to 
the cognitive compensation theory—as proposed in the present study—even 
children with comorbid learning difficulties might have a small cognitive 
strength. Low achievers could still perform slightly better on one of their cognitive 
skills compared to peers, despite limited variance in these cognitive skills, which 
can make their learning difficulty slightly less detrimental. 
 Finally, it is interesting to note that the Bayesian multigroup mediation SEM 
analyses showed the effect of several cognitive skills on mathematics to be 
mediated by fact retrieval. However, direct effects for most of the cognitive 
skills on mathematics (especially for working memory and nonverbal reasoning) 
were stronger than indirect effects via fact retrieval for TD-children. A potential 
explanation for this finding is that TD fourth-graders have already internalized 
the relatively simple arithmetic (fact retrieval) calculations (Mullis et al., 2016). 
Thus, when performing more complex math problem solving tasks, they might 
not need to rely much on their fact retrieval skills as these have already been 
automatized sufficiently. During these tasks, TD-children might instead invoke 
their cognitive resources such as working memory and nonverbal reasoning, 
because they are still learning new skills such as multiplying fractions. In line 
with a developmental framework, shifts may indeed occur over time within the 
relationship between various cognitive skills and mathematics (Van de Weijer- 
Bergsma et al., 2015a; Van der Ven et al., 2013).
 While the mediation effect was positive for typical developing children, 
the effect was reversed for children with mathematical or reading difficulties in 
the multigroup model. Fact retrieval appeared to negatively mediate the effect of 
rapid naming on mathematics in children with MLD as well as in children with 
RLD. A similar negative mediation effect was obtained for number sense in 
children with RLD. This finding is surprising as correlations between fact retrieval 
and mathematics typically are strong and positive (see e.g., Träff, 2013), even in 
samples consisting of children with learning difficulties (see e.g., Träff & Samuelsson, 
2013). Although this was not the main question of the present study, we would like 
to take the liberty to speculate about this unexpected negative mediation effect 
for fact retrieval. The correlation matrix provided no explanation as to why the 
effect was negative, thus this was probably a statistical artefact in the analyses due 
to the complexity of the model and given that this effect waned in the sensitivity 
analysis. It could also be speculated about a more conceptual explanation. The 
negative indirect effect could be interpreted as if stronger rapid naming (or 




in turn appears to be related to worse math performance in children with specific 
learning difficulties. Number sense, rapid naming, and fact retrieval were all 
timed measures, thus a plausible explanation for this mediation can possibly be 
found in children’s processing speed. The finding that better fact retrieval is 
related to worse math performance might indicate that some children are able to 
perform quick numerical calculations because they have adequate processing 
speed skills (e.g., memorized knowledge, such as ‘3 * 5 = __’), even though they do 
not grasp the meaning of problem solving tasks (e.g., understanding, such as 
‘calculate the surface in millimeters of a 3cm by 5cm rectangle). Previous research 
has indeed shown that individual differences exist in children’s math performance. 
Some of them perform better on fact retrieval, whereas others are better in math 
problem solving (Huijsmans et al., 2020). To add to that, it has been suggested that 
whereas typical math development involves progression from fact retrieval 
towards more procedural mathematics, some children with MLD tend to lag 
behind in this conceptual step (De Chambrier & Zesiger, 2018; Thevenot, 2017). 
This speculative explanation appears to be supported by the present study’s 
finding that rapid naming (and number sense) is positively related to fact retrieval 
for children with MLD. Thus, faster processing speed within children with specific 
learning difficulties (i.e., rapid naming for MLD, and rapid naming and number 
sense for RLD in the present study) might positively interfere with these children’s 
ability to quickly solve arithmetic facts, whereas it does not facilitate their 
procedural understanding of more complex problem solving tasks. However, 
conclusions regarding this finding should be investigated more thoroughly in 
future research considering the unexpected direction of the effects in comparison 
with previous literature. 
 To summarize, rapid naming is a likely candidate for cognitive compensation 
of number sense and possibly working memory weaknesses that are related to 
mathematical difficulties. Rapid naming is moderately related to mathematics 
(Berch & Mazzocco, 2007), which might explain why a strength in rapid naming 
takes on the role of a compensatory mechanism for mathematics for children with 
MLD as opposed to TD children. Regardless of children’s persistent difficulties 
with number sense and working memory, a strength in rapid naming might 
enable children with MLD to partly overcome the possible negative effects of a 
cognitive deficit by taking an alternative route to learning mathematics compared 
to TD children. At this point we would like to take the liberty to speculate that a 
possible alternative route via rapid naming might call upon children’s general 
ability to retrieve facts from their long-term memory. These facts do not have to be 
numerical in nature per se (and they most likely are not entirely numerical 
because of those children’s weak number sense), but instead one might argue that 
they make more use of procedural facts. Fast and accurate retrieval (i.e., rapid 
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naming) of procedural facts such as ‘when multiplying a rational number by ten, 
the decimal point is moved one place to the right’ might be initialized in some 
children with MLD, even when his conception of the magnitude of a series of 
numbers is imperfect. One possible interpretation thus is that children with weak 
number sense but strong rapid naming rely more on procedural strategies 
compared to children without a weak number sense. An alternative explanation 
for the strong association between rapid naming and mathematics for children 
with MLD is the role of language skills, such as grammar, vocabulary, decoding, 
and reading comprehension. Such language skills rely in part on rapid naming 
(Norton & Wolf, 2012), and have also been directly and indirectly related to 
mathematics (Björn et al., 2016). Direct associations with mathematics have been 
obtained for vocabulary (Kleemans et al., 2018) and reading comprehension (Björn 
et al., 2016), and can be explained by the fact that children apply their knowledge of 
math-words (such as ‘larger’, ‘half’, and ‘multiply’) when inferring the appropriate 
calculation from a word problem in the upper grades of primary school. Decoding 
has indirectly been associated with mathematics via fact retrieval, because 
children rely on retrieval of verbal codes from long-term memory during decoding 
and fact retrieval tasks, which is supported by rapid naming skills (Koponen et al., 
2017; Norton & Wolf, 2012). As reading performance of the children with MLD is 
adequate, this might show that they have relatively strong cognitive skills related 
to reading. Proficiency in common precursors of mathematics–such as number 
sense–therefore does not seem to be a requirement for reaching a sufficient level 
of mathematics in primary school. Part of the delay in mathematics performance 
can be circumvented by a strength in related cognitive skills. Thus, children may 
to be able to partly reduce their mathematical learning disability.
 This finding leads to a new direction in research on specific (mathematical) 
learning difficulties by suggesting that primary school children are to some extent 
able to compensate for their learning difficulties in the domains of mathematics. 
Likewise, similar mechanisms may exist in other academic domains such as 
reading and science. Equivalent to the theory of neural plasticity (Nelson, 1999), 
the conceptualization of cognitive compensation posits that a child who experiences 
a deficit in one process will rely more on another closely-related process to facilitate 
learning. The cognitive compensation theory leads to a different interpretation of 
the multiple deficit model of Pennington (2006) by including strengths beyond 
weaknesses. Strengths in this fashion were defined as relative to children with 
comparable characteristics (e.g., a group of children with math difficulties). 
Different conceptualizations, such as a relative strength within a child (e.g., average 
performance on a skill when performance on related skills is below average), 
are interesting to study in future research, because they might reflect individual 




our understanding of individual differences in learning: Each child with a specific 
learning difficulty has a unique profile of cognitive strengths and weaknesses 
with the goal to maximize their learning outcomes.
Limitations and Future Directions
At this point it should be mentioned that some of the measures used in the present 
study conveyed somewhat unexpected outcomes. First, fact retrieval skills were 
comparable across children with mathematical and/or reading difficulties. This 
may be a consequence of the speeded character of the test (i.e., processing speed; 
Berg, 2008), or underlying linguistic skills (Berch & Mazzocco, 2007). Secondly, 
children with mathematical difficulties surprisingly had the highest performance 
(i.e., quickest reaction times) on the non-symbolic number sense task. From the 
existing body of literature, however, it is evident that children with MLD at best 
perform equally to TD-children (Desoete & Grégoire, 2006). We hypothesize that 
the children with mathematical difficulties in the present study—possibly due to a 
lack of understanding—merely pressed one of the two buttons during the task, 
and therefore have faster reaction times compared to the other groups. Lastly, 
visuospatial working memory did not differ across groups, which contradicts the 
literature, wherein weaker visuospatial working memory usually is associated 
with lower math performance (Kroesbergen & Van Dijk, 2015). However, verbal 
working memory did differ across groups, which is in line with the notion that the 
effect of verbal working memory on mathematics performance increases as grade 
level progresses, while the effect of visuospatial working memory decreases (Van 
de Weijer-Bergsma et al., 2015).
 To add to the previous point, the BSEM model elicited some unexpected results 
as well. Some of the path coefficients for children with reading difficulties are 
inflated. This can likely be ascribed to the complexity of the model in relation to 
the sample size, and may be a statistical artifact (Lei & Wu, 2007). Even though the 
size or direction of some of the effects in the BSEM model were somewhat extreme, 
we are confident with our results given that these are mostly in line with previous 
studies. Nevertheless, future research might consider replicating these findings. 
 Third, it should be acknowledged that the present study consisted of a single 
measurement, and that we did not take a process measure of compensation into 
account. Causal inferences about the direction of the effects of cognitive strengths 
cannot be drawn from concurrent data (Hill & Stuart, 2015). Instead of using 
strong rapid naming skills to compensate for the detrimental consequences of 
weaknesses in cognitive predictors of mathematical difficulties (such as number 
sense), it might be the case that this strength arises from or co-occurs with reading 
proficiency in children with specific mathematical learning difficulties. Despite 
the reason for the strength of rapid naming in some children with mathematical 
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difficulties, it seems plausible that children with weak mathematics performance 
might benefit from strong rapid naming skills. Future longitudinal research 
might shed light on the underlying mechanisms. For example, by using process 
measures during mathematics tasks (see e.g., Gidalevich & Kramarski, 2017), and 
by studying the patterns of correct and incorrect responses in mathematics tasks 
(see e.g., Koriakin et al., 2016). Children who use rapid naming to compensate for 
cognitive deficits will probably show patterns of correct responses on items that 
rely more on rapid naming (such as fact retrieval), whereas items that involve less 
rapid naming (but for example more number sense) may still be answered 
incorrectly.
 A final point worthy of consideration is the question whether the compensatory 
effect is method-induced. To elaborate, variation within predictors may have 
shrunken substantially by selecting subsamples based on the outcome measures 
mathematics and reading. We considered the fact that this approach would be a 
restriction of range, but looking into the variance in minimum and maximum 
scores of the predictors lifted our concerns, because variance was substantial 
within groups as well as across groups. Group membership thus did not induce an 
artefact that could explain the compensatory effect in the present study. 
Nevertheless, it would be wise to replicate these findings in future research. 
Preferably first with a similar research design as proof of concept, and thereafter 
with different groups and variables related to learning, because compensation 
likely occurs in other domains as well.
Conclusions
To conclude, the severity of mathematical learning difficulties might be reduced 
trough compensatory cognitive mechanisms, despite etiological factors (e.g., genes 
and environment) that confer risk for developing a specific learning disability. 
This leads to a more extensive view on learning difficulties (i.e., the cognitive 
compensation theory) compared to the multiple deficit model by Pennington 
(2006): Learning difficulties do not only result from several (cognitive) weaknesses, 
but seem to exist in combination with strengths in other skills. This is especially 
true for specific learning difficulties, but might apply to children with a comorbid 
learning difficulty as well. Mathematical performance is probably affected by 
cognitive strengths (i.e., rapid naming) in a reciprocal manner, which contributes 
to the individual’s ability to compensate to suboptimal circumstances. With the 
cognitive compensation theory, learning disability research is anticipated to shift 
from a restricted view of emphasizing an individual’s weaknesses towards the vision 
that each child has a unique profile of cognitive strengths and weaknesses, and 







Effect (X-Y) Beta N SE SD Var Precision Source Reason Sample
NS-FR 0.38 154 0.07 0.86 0.74 1.36 Kroesbergen, & Van Dijk, 2015: 
Table 3, model 3 (p 106)
Same tasks were used for NS and BA Grade 2-5; TD + MLD
WM-FR 0.36 154 0.07 0.87 0.76 1.31 Kroesbergen, & Van Dijk, 2015: 
Table 3, model 3 (p 106)
Similar tasks were used for WM and BA Grade 2-5; TD + MLD
PA-FR 0.20 167 0.07 0.96 0.93 1.08 Kleemans et al., 2018:
Figure 1 (p 410)
Comparable task was used for PA; same task for BA Grade 5; TD 
RAN-FR 0.08 103 0.10 1.00 1.00 1.00 Donker et al., 2016: data simulated 
based on paper
Same tasks were used for RAN and BA Grade 1-5; TD + MLD + RLD + MRLD
NVR-FR 0.11 118 0.09 0.99 0.98 1.02 Filippetti & Richaud, 2017:
Figure 4 (p 877)
Comparable tasks were used for NVR and BA Grade 2-6; TD 
NS-Math 0.34 154 0.07 0.89 0.79 1.27 Kroesbergen, & Van Dijk, 2015: 
Table 3, model 3 (p 106)
Same task was used for NS; similar for AM Grade 2-5; TD + MLD
WM- Math 0.27 154 0.08 0.93 0.87 1.16 Kroesbergen, & Van Dijk, 2015: 
Table 3, model 3 (p 106)
Similar tasks were used for WM and AM Grade 2-5; TD + MLD
PA- Math 0.33 148 0.07 0.89 0.80 1.25 Slot et al., 2016 - Figure 1 (p 7) Similar tasks were used for PA and AM, but incl. BA Grade 1-5; TD + MLD + RLD + MRLD
RAN- Math 0.23 103 0.09 0.95 0.91 1.10 Donker et al., 2016: data simulated 
based on paper
Same task was used for RAN; similar tasks for AM Grade 1-5; TD + MLD + RLD + MRLD
NVR- Math 1.20 167 -0.03 -0.44 0.19 5.13 Kleemans et al., 2018: 
Figure 1 (p 410)
Same tasks were used for NVR and AM Grade 5; TD 
FR- Math 1.65 167 -0.13 -1.73 2.98 0.34 Kleemans et al., 2018:
Figure 1 (p 410)
Same tasks were used for BA and AM Grade 5; TD 
WM-Dec -0.57 91 0.07 0.68 0.46 2.17 Swanson et al., 2009:
Table 4 & 5 (p 268)
Meta-analysis 5-to-18-years-old; TD + RLD
PA-Dec 0.74 148 0.04 0.45 0.21 4.85 Slot et al., 2016:
Figure 1 (p 7)
Similar task was used for PA; same for Read Grade 1-5; TD + MLD + RLD + MRLD
RAN-Dec 0.44 103 0.08 0.81 0.66 1.52 Donker et al., 2016: data simulated 
based on paper
Same tasks were used for RAN and Read Grade 1-5; TD + MLD + RLD + MRLD
NVR-Dec 0.11 1335 0.03 0.99 0.98 1.02 Korpipäa et al., 2017:
Figure 2 (p 136)
Comparable tasks were used for NVR and Read Grade 1-7; TD 
Abbreviations. Endogenous latent variables (Y’s): FR = Fact Retrieval; Math = Mathematics; Dec = (non-)word 
decoding. Exogenous latent variables (X’s): NS = Number Sense; WM = Working Memory; PA = Phonological 
Awareness; RAN = Rapid Automatized Naming; NVR = Nonverbal Reasoning. Values displayed in italics 
were used as priors.
Explanation reasons. Same task = the source paper used the exact same task (or an older version) as the 
present study. Similar task = the task in the present study was based on / contained elements of the source 
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PA-Dec 0.74 148 0.04 0.45 0.21 4.85 Slot et al., 2016:
Figure 1 (p 7)
Similar task was used for PA; same for Read Grade 1-5; TD + MLD + RLD + MRLD
RAN-Dec 0.44 103 0.08 0.81 0.66 1.52 Donker et al., 2016: data simulated 
based on paper
Same tasks were used for RAN and Read Grade 1-5; TD + MLD + RLD + MRLD
NVR-Dec 0.11 1335 0.03 0.99 0.98 1.02 Korpipäa et al., 2017:
Figure 2 (p 136)
Comparable tasks were used for NVR and Read Grade 1-7; TD 
Abbreviations. Endogenous latent variables (Y’s): FR = Fact Retrieval; Math = Mathematics; Dec = (non-)word 
decoding. Exogenous latent variables (X’s): NS = Number Sense; WM = Working Memory; PA = Phonological 
Awareness; RAN = Rapid Automatized Naming; NVR = Nonverbal Reasoning. Values displayed in italics 
were used as priors.
Explanation reasons. Same task = the source paper used the exact same task (or an older version) as the 
present study. Similar task = the task in the present study was based on / contained elements of the source 
task. Comparable task = the same construct was measured in both the source paper and in the present 
study.

Huijsmans, M. D. E., Kleemans, T., Van der Ven, S. H. G., & Kroesbergen E. H. (2020). 
The relevance of subtyping children with mathematical learning disabilities. 




Profiles of mathematical learning difficulty (MLD) have been conceptualized in 
the literature, but empirical evidence to support them based on academic and 
cognitive characteristics is lacking. Therefore, we aimed to examine whether 
profiles of mathematics performance can empirically be identified and whether 
the identified profiles also differ in associated cognitive skills. Basic arithmetic 
and advanced mathematics were used to identify profiles by means of a latent 
profile analysis in 281 fourth graders. Cognitive skills were then described for 
each profile. Four profiles of mathematics performance were retrieved from the 
data, including one general low-achieving profile. Additional profiles of MLD were 
not found, possibly because individual variation was substantial. To conclude, it is 
highly important to understand children’s mathematics performance from an 
individual perspective, rather than by averaging them over subgroups. These new 






Children display large individual variation in their mathematics performance, 
but the boundary between typical development (TD) and mathematical learning 
difficulties (MLD) is not so clear-cut. In the present study we investigated whether 
different subgroups of primary school children can be distinguished, based on 
their mathematics performance. Furthermore, we investigated whether these 
profiles differed in various related cognitive abilities. This approach yields further 
insight in the degree to which MLD can be regarded as a distinct disorder or merely 
the low spectrum of mathematics performance.
Individual Variation in Mathematics Performance
In the mathematics curriculum, children first start with learning basic arithmetic 
skills, which involves automatizing and memorizing whole number operations 
(i.e., +, –, ×, ÷). When children master the principles of basic arithmetic in the 
intermediate and upper grades of primary school, the emphasis shifts towards the 
application of these skills into the domains of advanced mathematics. Advanced 
mathematics entails more complex problem solving, including—but not limited 
to—calculations with fractions, percentages, and measurements (Mullis et al., 
2016). 
 It has consistently been pointed out that great variation exists within 
children’s mathematical abilities (i.e., basic arithmetic and advanced mathematics; 
Mullis et al., 2016), ranging from general low-achievement to high-achievement. 
Even low-achieving TD children, whose nonverbal reasoning (IQ) is in line with 
their academic performance, can display weak performance in mathematics. 
Nonverbal reasoning especially has a strong effect on advanced mathematics 
(Giofrè et al., 2017). 
 Children at the lower extreme of the mathematics continuum are often 
defined as MLD (Kaufmann et al., 2013). These children experience severe and 
persistent difficulties in mathematics performance, but their intellectual abilities 
are within the normal range. Next to the fact that there is much individual 
variation in mathematics performance within the group of TD children, research 
has indicated that individual differences within children with MLD exist as well. 
For some children with MLD, math difficulties are most profound in basic 
arithmetic, whereas for others both domains of mathematics are impaired (Pieters 
et al., 2015). Children with MLD thus can display a range of profiles with apparent 
contradictions, relatively independent weaknesses, or unexpected strengths 
(Dowker, 2015; Gifford, & Rockliffe, 2012). 
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Cognitive Mechanisms explain Individual Variation
Variability in children’s mathematics performance can be explained by related 
cognitive skills. Several of those skills have already been identified: Number sense 
(Geary, 2011b), working memory (Passolunghi, & Siegel, 2004), and phonological 
awareness and rapid naming (Simmons, & Singleton, 2008). Number sense is 
defined as the capacity to recognize and understand numerosities and numbers 
(Dehaene et al., 2003). Processing non-symbolic numerosities (e.g., a set of dots), 
symbolic numbers (i.e., digits or number words), and mapping between numbers 
and numerosities are all related to mathematics, but a meta-analysis on 45 studies 
showed that effect sizes are relatively small (Schneider et al., 2017). Working 
memory is defined as the temporal storage, processing and recollection (i.e., the 
executive function of updating) of verbal and visuospatial information (Alloway et 
al., 2009; Passolunghi, & Siegel, 2004). Medium effect sizes of working memory on 
mathematics were found in a meta-analysis (Friso-van den Bos et al., 2013). Starting 
from a young age, both working memory and number sense can be a source of 
individual variation in the development of mathematics performance (Friso-van 
den Bos et al., 2014; Kolkman et al., 2014; Xenidou-Dervou et al., 2013). Furthermore, 
rapid naming, defined as the quick access to verbal codes, is needed for mathematical 
fact retrieval (Donker et al., 2016; Willburger et al., 2008). Phonological awareness 
involves the effective recognition and manipulation of sounds and words, and is 
also related to mathematics (Simmons, & Singleton, 2008; Vellutino et al., 2004). 
 Despite the fact that various cognitive skills have been identified as risk factors 
for developing MLD, it is not likely that every child with mathematical difficulties 
will display weaknesses in all aforementioned cognitive skills. How exactly these 
risk factors lead to learning difficulties is still unclear. Learning difficulties could 
arise from a core deficit in an underlying cognitive skill (Goswami, 2003; Wilson, & 
Dehaene, 2007). Following this line of research, one would assume that a number 
sense deficit underlies mathematical difficulties in children with MLD (Wilson, & 
Dehaene, 2007). In contrast, the neuroconstructivistic line of research suggests 
that an interconnected network of cognitive skills is related to academic 
performance (Camp et al., 2012). With respect to this theory, one would assume 
that a combination of weaknesses in number sense, working memory, rapid 
naming, and/or phonological awareness underlies mathematical difficulties in 
children with MLD (Camp et al., 2012). According to Szűcs et al. (2014), such a 
network view of mathematics performance is more plausible than a core deficit, 
because the network theory takes the complex interrelations between cognitive 





 Furthermore, children qualify for having a learning difficulty if their 
academic performance and IQ are inconsistent (IQ-discrepancy criterion; Fletcher 
et al., 1998). Children with MLD, thus, have different IQ (or nonverbal reasoning) 
scores compared with low-achieving TD children. Whereas IQ for both MLD and 
TD children should be within the normal range, IQ scores for TD children are in 
line with their low academic achievement, while children with MLD perform 
weaker than could be expected based on their IQ. These different criteria show 
that there is not a clear-cut definition for learning difficulties such as MLD. Indeed, 
criteria for defining (clinical) MLD are often arbitrary (Kaufmann et al., 2013). 
While many studies use percentile-based criteria (e.g., lowest 10% or 25% on a 
standardized mathematics test), conceptualizations of MLD in one study may not 
apply to another study (Butterworth, 2005; Murphy et al., 2007). When taking 
these criteria together it becomes evident that children with MLD show much 
individual variation.
Profiles of Mathematics Performance
One way to deal with the great individual variation for researchers and practitioners 
is to divide children with MLD into subtypes, to which treatment can be attuned. 
Geary (2004) conceptualized three subtypes: 1) A procedural subtype: Difficulties 
with strategies and concepts involved in advanced mathematics, 2) a semantic subtype: 
Reduced accuracy and speed for arithmetic fact retrieval, and 3) a visuospatial 
subtype: Difficulties in visuospatial skills. In a study of Desoete (2007), a fourth 
subtype was proposed, in which children’s numerical cognition is impaired. Other 
profiles have been suggested as well, for example by differentiating between 
various numerical representations (Moeller et al., 2012). However, these subtypes 
all are theoretical in nature, and to our knowledge no studies investigated the 
existence of those subtypes empirically. Moreover, these theoretical profiles only 
distinguish subgroups of children with MLD. The present study, in contrast, takes a 
broader perspective on identifying profiles of mathematics performance. 
We investigated whether children with MLD could be distinguished from low- 
achieving TD children within a regular primary school sample, based on their 
mathematics performance. If such a profile—or profiles—exists, it is interesting to 
find out which associated cognitive skill(s) differentiate the MLD profile(s) from 
the profiles of (low-achieving) TD children. 
 There are several empirical studies that have investigated the presence of 
profiles of mathematics performance. The main findings to date of these studies 
are summarized in Table 3.1. Even though these studies either focused on the 
comorbidity between MLD and another (learning) difficulty, or used cognitive 
skills instead of academic measures to identify profiles, they yield several important 
presumptions. First, Pieters and colleagues (2015) demonstrate that different 
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domains of mathematics (i.e., basic arithmetic and advanced mathematics) can 
meaningfully be differentiated from each other. Additionally, it has been established 
that profiles of MLD can be distinguished from those of low-achieving TD children 
(Archibald et al., 2019), as well as from other learning difficulties (Toffalini et al., 
2017). Finally, it has been shown that variation in mathematics performance can 
be separated based on cognitive profiles, both in children with MLD and in TD 
children (Bartelet et al., 2014; Salvador et al., 2019). 
 To summarize, different combinations of impaired cognitive mechanisms 
may lead to distinct academic difficulties. Dividing children into profiles based on 
mathematics performance, and comparing these profiles on cognitive characteristics 
Table 3.1  Empirical research on profiles of mathematics by incorporating  
(A) comorbidity with other (learning) difficulties or (B) related cognitive skills
 Sample Difficulties Variables explaining individual variation Profiles
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- Four profiles: One MLD profile with weak number sense (symbolic and  non-symbolic comparison); one 





thus may theoretically be relevant (Desoete, 2007; Geary, 2004; Moeller et al., 
2012). Profiles of MLD have been conceptualized based on differences in various 
mathematical skills in addition to associated cognitive skills, but empirical 
research so far is inconclusive with respect to these profiles for two reasons: (1) it 
remains uncertain whether MLD profiles can be distinguished from low-achieving 
TD children based on the different mathematical domains (i.e., basic arithmetic 
and advanced mathematics) in which these children fall behind, and (2) profiles of 
mathematics performance have not yet consistently been differentiated by means 
of related cognitive skills.
Table 3.1  Empirical research on profiles of mathematics by incorporating  
(A) comorbidity with other (learning) difficulties or (B) related cognitive skills
 Sample Difficulties Variables explaining individual variation Profiles
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Empirical research has attempted to identify profiles of mathematics performance 
and related cognitive mechanisms, but so far results have been inconclusive. 
Therefore, the first research question of the present study was: ‘To what extent can 
profiles of mathematics performance be identified in primary school children?’. 
More specifically, our goal was—if possible—to retrieve one or more MLD profiles 
from our data. Such MLD profiles do not necessarily have to be similar to the 
subtypes as theoretically proposed by Geary (2004) and others. However, at the 
lower end of the mathematics continuum, we expected to detect at least a profile 
including children with MLD as opposed to a profile of low-achieving TD children. 
If mathematics performance of children with MLD is different from low-achieving 
TD children, it would be expected that children within a general low-achieving 
profile would only perform weak on advanced mathematics because of its 
association with nonverbal reasoning, whereas an MLD profile would either show 
the most severe weaknesses in basic arithmetic due to a number sense core deficit, 
or is weak across both domains of mathematics as a result of an interconnected 
network of cognitive deficits. However, if mathematics performance of children 
with MLD cannot be distinguished from low-achieving TD children, it would be 
expected that all these children would be grouped together into one general 
low-achieving profile.
 Once meaningful academic profiles have been retrieved from the data, the second 
research question was: ‘Which pattern of cognitive skills is associated with each 
profile, and which skills can possibly be used to differentiate between profiles of 
mathematics performance?’. More specifically, if we identify an MLD profile as 
well as a low-achieving TD profile based on mathematics performance, these 
profiles are expected to be differentiated by specific cognitive deficits. MLD 
profile(s) of mathematics performance will likely be characterized by either a 
single cognitive core deficit (such as number sense) or an interconnected network 
of cognitive deficits in line with neuroconstructivism, while nonverbal reasoning 
is within the normal range (i.e., discrepancy criterion). In contrast, low-achieving 
TD children are expected to display weak performance on all measured cognitive 
skills (including nonverbal reasoning), because these children are weak across the 
board.
 The present study used a data-driven approach, meaning that instead of 
defining a priori groups, profiles were based on the current data. An advantage of 
using this data-driven approach is that we do not use arbitrary percentile-based 
criteria to operationalize MLD. The present study was a cross-sectional study 
conducted in fourth grade children. In this grade, both basic arithmetic and 
advanced mathematics lie at the heart of the mathematics curriculum, which 






The present study reported on data collected during the first measurement of an 
ongoing longitudinal study on numerical development. Eleven regular primary schools 
with in total 358 fourth grade children participated. Schools were representative for 
the Netherlands in location, size, and student-population. Ethical approval was 
granted by the local Ethics Committee. Active informed consent was given by 307 
(86%) of the children’s parents. Twenty-six children (7%) were excluded because of 
intellectual, behavioral or physical disability, or weak comprehension of the Dutch 
language. IQ for all children fell within the normal range. Children that were 
excluded from the analysis did not differ significantly in gender, χ2(1) = 0.33, 
p = .56, SES (low vs. high education), χ2(1) = 5.89, p = .21, or age, F(1, 306) = 1.10, 
p = .06, from the children that were included.
 The final sample included 281 fourth grade children (Mage = 9.3 years, SD = 0.5), 
with an equal distribution of gender (50% boys). 75% of the children had two Dutch 
parents. Concerning socioeconomic status (SES; i.e., highest parental educational 
level), 32% of the children had a high SES (i.e., (applied) university graduates). 
Missing data (e.g., absence during testing days) were present for 61 children. There 
were some technical difficulties with one of the computerized tasks, resulting in 
55 children with additional missing data, however MCAR analyses suggested that 
data were missing at random, χ2s < 25.66, ps > .108. Missing data were therefore 
handled using multiple imputation (Rubin, 1987).
Measures
 Basic arithmetic. To assess children’s arithmetic skills, the Tempo Test 
Automatiseren (TTA, Speeded Arithmetic Test; De Vos, 2010) was used in a class-
room-setting. Four subtests were administered in a fixed order (i.e., addition, 
subtraction, multiplication and division), and each subtest included fifty problems 
of increasing complexity. Per subtest, participants were instructed to solve as 
many problems as possible within one minute. Each correct item yielded one 
point. The sum-score was used for further analyses. Internal consistency for all 
subtests is at least sufficient (α‘s > .78).
 Advanced mathematics. A composite classroom-administered task was created 
to assess advanced mathematics, using the Schoolvaardigheidstoets Rekenen- 
Wiskunde (SVT-RW, School Achievement Test for Mathematics; De Vos, & Milikowski, 
2012), the CITO Rekenen-Wiskunde 2002 (Janssen et al., 2005), and the Fraction 
Competency Test (FCT; Brown, & Quinn, 2007). The task contained various 
computational problems to assess the advanced numbers, proportions, and 
geometry domains, and did not rely on children’s reading skills. The advanced 
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mathematics task consisted of two parts with 61 open-ended problems in total. For 
further analysis, the total number of correct answers was used. Combined findings 
regarding internal validity of the advanced math task from item response theory 
(two-parameter Birnbaum model) and fit to the latent factor by means of factor 
analysis, resulted in the removal of five items that either were too difficult (i.e., 
little variance), discriminated poorly between children with different ability 
levels, and/or did not fit to the latent factor. The subdomains correlated (rs > .61), 
and were combined into one advanced mathematics score. Internal consistency 
calculated for the remaining 56 items was good (α = .89).
 Number sense. Three subtests of the computerized Dutch Assessment battery for 
Number Sense (DANS; Friso-van den Bos et al., 2015); Kroesbergen, & Schoevers, 2017) 
were used to assess the standardized composite variable number sense: Symbolic 
comparison, non-symbolic comparison, and number line estimation. The (non-)
symbolic comparison tasks required participants to rapidly indicate which of two 
numbers (symbolic) or sets of dots (non-symbolic) was the largest (ranging from 
1–100), using key-press. Size of the dots was manipulated in the non-symbolic 
condition. After a training block, testing blocks with 33 items for symbolic number 
sense and 43 items for non-symbolic number of varying difficulty were 
administered. Average reaction time in ms for the correct trials was used for 
further analysis, as there was a ceiling effect for accuracy. Reaction times were not 
calculated for children with fewer than 17 and 22 correct answers on the (non-)
symbolic tasks respectively, as chance would enable children to answer half of the 
items correctly anyway. Moreover, reaction times faster than 500ms were excluded 
as well, as it is impossible to process the stimuli within that short timeframe. 
Internal consistency of the comparison tasks is good (α’s > .84; Kline, 1999). In the 
number line estimation task, participants had to position a target digit onto a 
number line ranging from 0 to 100, using a lever. After the training block, 30 test 
items were presented to the children. Standardized linear fit scores (R2) were 
computed by squaring the correlations between all target numbers (e.g., 50) and 
the estimated position (e.g., 49) of these target numbers (Friso-van den Bos et al., 
2015). Internal consistency is sufficient (α = .79; Kline, 1999).
 Phonological awareness. Two phonological awareness tasks (Knoop-van Campen 
et al., 2018) were administered in a classroom-setting. In the eighteen-item Phoneme 
Deletion subtask, children were shown three pictures (e.g., ‘ball’, ‘mall’, ‘wall’), 
and were verbally presented with a word (e.g., ‘small’), and a letter that had to be 
deleted from that word (‘s’). The new word (‘mall’) had to be picked within four 
seconds by crossing the corresponding picture. Next, in a twelve-item Spoonerism 
subtask, five pictures were shown and children had five seconds to switch the first 
letters of two verbally presented words (e.g., ‘mouse’ and ‘heat’ became ‘house’ and 




per correct answer. Total scores of both subtests were averaged into one final score. 
Internal consistency of both tasks is sufficient (α > .70; Knoop-van Campen et al., 
2018).
 Rapid Naming. Part of the Continu Benoemen en Woorden Lezen test (CB&WL, 
Continuously Naming and Word Reading; Van den Bos, & Lutje Spelberg, 2007) was 
used to measure rapid naming. Children were instructed to rapidly and accurately 
name visually presented information. The CB consisted of four subtests, 
administered in a fixed order, with five high frequent items: Colors (black, yellow, 
red, green, blue), digits (2, 4, 5, 8, 9), pictures (tree, chair, duck, scissors, bike), and 
letters (d, o, a, s, p). All items were presented at random ten times (i.e., fifty items 
per subtest, and two-hundred items in total). Averaged overall naming time in 
seconds was used as raw score for alphanumeric rapid naming (digits and letters), 
and non-alphanumeric rapid naming (colors and pictures). Internal consistency is 
at least sufficient α > .75; Evers et al., 2009-2012).
 Working memory. Working memory was assessed using two online computerized 
tasks. Visuospatial working memory was measured with the Lion game (a complex 
span task), and verbal working memory with the Monkey game (a backward span 
task), and both scores were combined into one working memory variable (i.e., 
averaged proportion of correctly recalled items). In the Lion game, children had to 
search for colored lions within a 4 x 4 matrix (Van de Weijer-Bergsma et al., 2015b). 
Children were presented with twenty items (five levels of four items) in which they 
had to indicate the last location(s) of one or more specifically colored lion(s) in the 
matrix. In the monkey game, children had to remember and recall spoken, 
familiar Dutch words in reversed order (Van de Weijer-Bergsma et al., 2016). 
Children were presented with twenty items (five levels of four items), and by mouse 
click on written words in a 3 x 3 matrix they were able to indicate the correct 
backwards order of the spoken words. The raw score was the proportion of items 
correct. Internal consistency for both tasks is good (α = .87; Van de Weijer-Bergsma 
et al., 2015b; 2016).
 Nonverbal reasoning. Raven’s Standard Progressive Matrices were used to 
assess general intelligence (Raven, 1976). This task consists of 60 visual patterns 
(i.e., five sets of twelve items), with increasing difficulty. The first set consisted of 
patterned figures with one missing part. Children were asked to select the missing 
part to logically complete the design out of six alternatives. In the other sets of 
items, respectively four to nine pattered figures were presented, from which a 
figure was missing. Children selected the missing figure out of six to eight 
alternatives. The number of correct answers was counted. Internal consistency is 




An overview of the test battery is illustrated in Figure 3.1. Data collection was 
carried out by means of a standardized protocol by graduate students in exchange 
for course credits. All students were trained by an educational psychologist. 
Data Analysis
 Preliminary analysis. Outliers were inspected using z-scores (< |3.29|), and 
were winsorized (i.e., the value of an outlier is methodically modified to resemble 
other sample values; Ghosh, & Vogt, 2012). None of the variables contained more 
than three (multivariate) outliers. Further data inspection showed no strong 
violations of normality for all variables (standardized |skewness| and |kurtosis| 
<3.0), except for mapping number sense. Bivariate correlations were medium or 
strong (r’s = .36 – .85) for each subcomponent, thus composite variables were 
computed for basic arithmetic (addition, subtraction, multiplication and division), 
advanced mathematics (numbers, proportions and geometry), phonological awareness 
(deletion and segmentation), alphanumeric rapid naming (digits and letters), 
non-alphanumeric rapid naming (colors and pictures), and working memory 
(visuospatial and verbal). The non-symbolic comparison task could not be combined 
with the symbolic comparison task due to performance discrepancies.
 Statistical analysis. To estimate profiles of mathematics performance, a latent 
profile analysis with basic arithmetic and advanced mathematics was conducted 
using the TidyLPA package (Rosenberg, 2018) in R software (version 3.4.1; RDevelop-
mentCoreTeam, 2017). The clustering technique is a generally accepted technique 
for taxonomy description (c.f., empirically based classification of cases to profiles), 
assuming that the population consists of several subgroups. A data-driven approach 
was used, as definitions of profiles of mathematics performance are inconsistent 
across studies. The number of profiles (k = 1–5) was decided on by three criteria: 
1) entropy closest to one, 2) lowest AIC and BIC value, 3) parsimony of the model, 
and 4) concerns of theoretical interpretability (Fraley, & Raftery, 2003). Once 
profiles of mathematics performance had been estimated, scores on the cognitive 
skills were described for each profile in order to identify which patterns of 
























































































































































































































































































































































































































































































































Descriptive statistics are displayed in Table 3.2, and correlations are included in 
the Appendix (Table 3A.1). A latent profile analysis was conducted with the two 
mathematical variables (i.e., basic arithmetic and advanced mathematics). 
The preferred profile solution was a model with varying variances and varying 
covariances with four profiles, see Appendix (Table 3A.2). Next to the fact that 
entropy was closest to one, and AIC was the lowest for a model with four profiles, 
this was the first multi-dimensional model (i.e., meaningful for interpretation).
 The latent profile analysis provided one low-achieving group (Profile 1, n = 94), 
one high-achieving group (Profile 2, n = 30), a group with average performance 
(Profile 3, n = 88), and a divergent group with average performance on basic 
arithmetic and high performance on advanced mathematics (Profile 4, n = 49), see 
Figure 3.2.
Next, we inspected the cognitive skills in relation to the four academic profiles 
within our data. A multivariate ANOVA indicated there was a statistically 
significant difference between profiles, F(30,564) = 26.63, p < .001. Post-hoc Tukey’s 
HSD test revealed where the differences occurred between groups (Table 3.3). 
Scores on all cognitive variables (i.e., number sense, working memory, phonological 
awareness, and rapid naming), except for mapping number sense, were the lowest 
in the low-achieving profile. Similarly, these scores were the highest in the 
Table 3.2   Means (M) and standard deviations (SD) for the academic and 
cognitive skills (n = 281)
n M SD Min Max
Basic arithmetic1 262 116.81 34.24 31 196
Advanced mathematics1 276 17.96 8.08 2 41
Symbolic number sense (in ms)2 260 1181.49 261.67 549.74 2000.00
   error rate (number of error) 260 2.08 2.83 0 11
Mapping number sense3 260 0.89 0.16 0.05 0.99
Phonological awareness1 259 15.15 2.93 7 21
Alphanumeric rapid naming (in sec)2 271 27.24 5.33 15.79 45.00
Non-alphanumeric rapid naming (in sec)2 271 47.16 7.44 32.27 72.50
Working memory4 238 0.64 0.09 0.25 0.90
Nonverbal reasoning1 258 39.37 7.01 20 54




high-achieving profile, and were mostly intermediate in the average- and divergent 
groups. Additionally, nonverbal reasoning (or general intelligence) was the weakest 
in the low-achieving group.
 An MLD profile in addition to a low-achieving TD profile was thus not identified 
in the present study. Therefore, we examined whether profile allocation was 
meaningful for all children in the low-achieving profile. Posterior probabilities 
were inspected to identify the chance that children—with a given set of scores—are 
allocated to a specific profile. In line with Oberski (2016), a chance below 0.75 to 
belong to the allocated profile was present in eleven children in the low-achieving 
profile (n = 94). Apparently, their scores on basic arithmetic and advanced 
mathematics were quite different (either better or even worse) from the average 
scores of the children in the low-achieving profile, which in part speaks for the 
heterogeneity of this group. 
Figure 3.2. Standardized group averages on basic arithmetic (depicted in grey) and advanced 































To summarize, one low-achieving mathematics profile was identified in our 
data-driven analyses. This profile included 33% of all children (94 out of 281 
children), which is well above MLD prevalence estimates that commonly range 
from 10-25% (Murphy et al., 2007). Thus, a specific MLD profile with distinct 
mathematical and cognitive deficits, but without a weakness in nonverbal 
reasoning, could not be distinguished from low-achieving TD children. The group 
of children with MLD, however, might have been too small to detect with our 
analysis. To verify whether our null-finding holds, we compared the scores of 26 
children (9% of the total sample) with weak mathematics and average nonverbal 
reasoning to the remaining 68 children with weak mathematics and weak 
nonverbal reasoning in this low-achieving profile. These 26 children were selected 
if they performed 1) ≤ 1SD below the sample mean on basic arithmetic and/or 
advanced mathematics, and 2) at least average on nonverbal reasoning (≥ -1SD). In 
line with the idea that certain combinations of cognitive deficits (i.e., core deficit 
or interconnected network) underlie the composition of learning difficulties, we 
Table 3.3   Means (and standard deviations) for a four-component profile 
solution (n = 281)
Low-achieving 
profile (n = 94)
High-achieving 
profile (n = 30)
Average 
profile (n = 88)
Divergent
profile (n = 49)
Basic 
arithmetic1
83.75 (24.25)a 163.04 (30.43)b 132.74 (19.75)c 121.27 (24.37)d
Advanced math1 10.99 (3.77)a 27.49 (5.06)b 17.17 (4.63)c 26.56 (6.84)c
Number sense 
 (symbolic)2
1294.64 (256.64)a 977.76 (201.08)b 1156.32 (263.46)c 1148.34 (192.17)c
Number sense 
 (mapping)3
0.87 (0.17)a 0.95 (0.05)a 0.87 (0.18)a 0.93 (0.14)a
Phonological 
 awareness1
13.78 (2.67)a 16.64 (2.03)b 15.56 (2.83)b 16.21 (3.08)b
Alphanumeric
 rapid naming2
28.79 (6.03)a 25.20 (3.56)b 26.18 (4.82)b 27.18 (4.04)ab
Non-alphanum. 
 rapid naming2
49.28 (7.71)a 45.00 (5.99)b 46.07 (7.40)b 46.39 (7.22)b
Working 
 memory4
0.61 (0.09)a 0.69 (0.08)b 0.64 (0.09)ab 0.68 (0.09)b
Nonverbal 
 reasoning1
36.00 (6.80)a 41.87 (6.04)bc 39.94 (6.32)b 43.29 (6.34)c
1 Sum of correct answers. 2 Reaction time. 3 R-squared. 4 Proportion correct answers.




compared the cognitive skills of children with weak mathematics and average 
nonverbal reasoning to the cognitive skills of children with weak mathematics 
and weak nonverbal reasoning. T-tests revealed that the groups did not differ 
significantly on any of the cognitive skills (Table 3.4). 
Discussion
The present study aimed to identify academic profiles of mathematics performance 
(i.e., basic arithmetic and advanced mathematics). Thereafter, we intended to 
differentiate between such profiles by means of associated cognitive skills. Cognitive 
skills included number sense, working memory, phonological awareness, and rapid 
naming. We expected to identify profiles of children with MLD, wherein they would 
display different academic performance compared with (low-achieving) TD children. 
 Unique, multidimensional, profiles of MLD (e.g., one profile with relatively 
weaker basic arithmetic versus one profile with relatively weaker advanced 
mathematics as was the case in the average achieving children) could not be 
detected within our data, but we identified one profile of general low-achieving 
mathematics performance. Although a null-finding does not prove that such 
profiles do not exist, the results of the present study suggest that children with 
MLD cannot be distinguished from general low-achieving children, at least not in 
fourth grade Dutch children. One plausible explanation for this finding is that the 
group of children at the lower end of the continuum of mathematics performance 
(either with MLD or without) is too heterogeneous to distinguish subgroups (Geary 
et al., 2012a; Landerl, 2013).
Table 3.4   Means (and standard deviations) for a follow-up comparison of 
the children within the low-achieving profile (n = 94)
Weak mathematics, 
average nonverbal 
reasoning (n = 26)
Weak mathematics, 
weak nonverbal 
reasoning (n = 68)
Number sense (symbolic)2 1311.50 (250.30) 1288.05 (260.72)
Number sense (mapping)3 0.90 (.12) 0.85 (.18)
Phonological awareness1 14.04 (2.33) 13.69 (2.79)
Alphanumeric rapid naming2 30.60 (6.92) 28.12 (5.56)
Non-alphanumeric rapid naming2 50.93 (10.18) 48.66 (6.54)
1 Sum of correct answers. 2 Reaction time. 3 R-squared.
Note. Group means did not differ (p’s > .05).
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 Yet, a small subgroup of children with MLD could have been obscured by a 
larger group of low-achieving TD children. We therefore compared a selection of 
children with weak mathematics and average nonverbal reasoning to children 
with weak mathematics and weak nonverbal reasoning. However, both groups 
did not differ significantly in cognitive skills associated with mathematics 
performance. Mathematical difficulties for one child—whether defined as MLD or 
not—may be explained by a different set of cognitive deficits than for another 
child. It thus seems unfeasible to distinguish between children with MLD and TD 
children based on those skills, because variation within the children with MLD 
and within the TD children is larger than the mean differences between those 
groups. These findings are consistent with studies investigating individual growth 
trajectories. As a case in point, Wylie and colleagues (2012) compared children 
with different learning difficulties to each other on basic arithmetic tasks. 
Children were assigned to the subgroups MLD, reading difficulty, or comorbid 
math and reading difficulty when they fell within the lowest 25th percentile on 
measures of mathematics and/or reading, respectively. Children above the 40th 
percentile on both measures were identified as TD children. When comparing 
these subgroups, it became evident that children’s individual growth trajectories 
showed a considerable overlap across profiles. Jordan and colleagues (2009) also 
emphasized the need for careful consideration of individual variation, because of 
the large differences in individual growth trajectories. One may thus conclude 
that forcing children into subtypes is a distortion of reality, because average scores 
of an artificially created subgroup do not apply to all (or even to most) children 
within that group.
 At this point, the question may be raised whether our results could be 
attributed to specific characteristics of our sample. For instance, the sample 
consisted only of children from regular primary schools and did not include 
children from special education. However, there is no reason to assume that 
sample characteristics differ from the population, because schools were equally 
distributed over different regions in the Netherlands, and parental educational 
level and nationality were representative for the population (Sociaal en Cultureel 
Planbureau, 2018). Furthermore, in line with former studies on MLD, wherein 
 percentile-based criteria ranging from 10-25% typically are used to define MLD 
(Murphy et al., 2007), one would expect that there would be between 28 and 70 
children with an MLD profile in a sample of 281 children. This number should be 
sufficient to find such profiles with the analyses we used, because our current 
analyses included four profiles ranging from 30 to 94 children per profile. The 
question thus remains why profiles of MLD that are intrinsically different from 





 One could argue that the used methods were not suitable to find MLD profiles. 
Maybe other cognitive skills are needed to differentiate between profiles of MLD, 
such as processing speed. However, the most relevant cognitive skills according to 
the literature were included in the present study, and it is unlikely that the profile 
solution can be explained by general skills that are not specifically related to 
mathematics. As a remark, most children within this low-achieving profile would 
not even qualify for a clinical diagnosis of MLD, because they did not show severe 
and persistent difficulties in mathematics. In addition, while children with IQ 
impairments were excluded from the present study, children in the low-achieving 
profile still showed weaker nonverbal reasoning skills compared with the children 
in other profiles. In light of the IQ-discrepancy criterion (Fletcher et al., 1998), this 
would suggest that children with a low IQ are entitled to less treatment (also in 
terms of funding) for remediation of their mathematical difficulties compared 
with children with a higher IQ, because they cannot be diagnosed with clinical 
MLD due to their nonverbal reasoning weakness.
 The conclusion thus seems to be that empirical findings contradict theoretical 
conceptualizations: MLD cannot be divided into different, relatively homogeneous, 
profiles. However, if one were to rely on the theoretical conceptualizations of MLD 
profiles, the question remains how valid these profiles are. When children with a 
broad distribution of academic and cognitive characteristics are forced into 
different subgroups, there is a risk that many children do not fit within that 
profile, showing that the heterogeneity within such profiles is probably very large. 
Furthermore, the usefulness of MLD profiles for practice could also be questioned 
if the identified profiles are still strongly heterogeneous. It may not be relevant to 
distinguish children with MLD from low-achieving TD children, because they all 
display mathematical difficulties to some extent and would benefit from 
remediation. Indeed, previous research has suggested that continuous differences 
between children exist, rather than a clear-cut discrete distinction of subgroups of 
children (Geary et al., 2012a; Landerl, 2013). 
 The idea that differences in children’s math performance may be continuous, 
led us to reason that children’s individual strengths may hide their individual 
weaknesses when these scores are being averaged over groups. Research on MLD 
may often cease to find differences between children with and without 
mathematical difficulties, because children with clinical MLD may be masked by 
individual differences in (low-achieving) typical developing children (Dowker, 
2015), or children with comorbid learning or behavioral disorders (e.g., dyslexia or 
ADHD; Kaufman, & Nuerk, 2008; Kroesbergen et al., 2013). Therefore, we advocate 
for investigating intra-individual differences (i.e., within children with MLD) in 
addition to inter-individual differences (i.e., between TD children and children 
with a learning difficulty) when conducting research or developing remediation 
programs concerning mathematics. 
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Limitations and Future Directions
The current study has provided a more in-depth understanding regarding the 
inter- and intra-individual differences in mathematics performance. However, 
some limitations and directions for future research should be acknowledged at 
this point. To begin with, as this study is cross-sectional in nature, we were unable 
to draw causal interferences about (the direction of) the effects of cognitive skills 
on mathematical skills. Longitudinal studies are thus needed to disentangle 
precursors of mathematics performance, as well as possible profile stability over 
time. Moreover, future research is needed to shed further light on the usefulness 
of profiles of MLD in upper grade primary school children. The next step in 
research to mathematical learning difficulties could be to investigate math 
performance of children with MLD more in-depth. For example, within advanced 
mathematics the separate domains of number, proportion, geometry and data 
analysis (Mullis et al., 2016) could be considered as well. Finally, in the upper 
grades of primary education, socio-emotional factors such as motivation and 
self-esteem (Durlak et al., 2011), and self-regulated learning (Musso et al., 2019) 
become increasingly important in predicting mathematics. Given the fact that 
such factors are highly associated with cognitive factors of mathematical 
development (Durlak et al., 2011), it would be recommended to control for so-
cio-emotional factors in future research.
Conclusions
In conclusion, unique profiles of mathematics performance were not identified in 
fourth grade children. Therefore, we suggest that it is highly important to 
understand children’s patterns of learning at the individual level, rather than by 
averaging over (sub-)groups. There may not yet be a unique set of underlying 
cognitive skills to distinguish children with MLD from low-achieving TD peers in 
fourth grade. Instead it is more plausible that there are many possible pathways 
(i.e., multiple combinations of predictors) in the development of mathematical 
difficulties in fourth grade, and that these pathways of cognitive strengths and 
weaknesses are unique for every individual child. The acknowledgement of 
individual differences in characterizing mathematical difficulties has implications 
for research into learning difficulties.
 These findings contribute to a more profound understanding of individual 
variation in mathematics performance. To further increase knowledge and 
awareness about this issue, research on mathematical proficiency and deficiency 
could address the following questions: (1) Replicate that (sub-)groups of children 




children in a systematic manner; (2) consider whether individual differences in 
mathematics performance increase throughout primary school, or whether it 
varies from the beginning; (3) clarify whether the heterogeneity of MLD can be 
attributed to weak performance in certain domains of mathematics and/or 
whether other skills such as cognition play a more significant role; (4) elaborate on 
whether a strength in one cognitive skill can compensate for the weaknesses of 
other(s), as there may be multiple unique (cognitive) pathways leading to math 
(dis-)abilities; (5) identify whether interrelations between cognitive skills can be 
used as building blocks to facilitate math proficiency.
 If future research echoes our appeal to consider a more individualized 
approach when studying math performance, intervention studies should be 
designed to find out how an individualized approach can efficiently be incorporated 
in the classroom. For classroom teachers, such interventions could be targeted at 
all children within a classroom rather than just children who may have MLD. 
Furthermore, teachers could acknowledge individual differences by providing 
additional within-classroom instruction in small groups or one-to-one teaching to 
children who lay behind in one or more specific mathematical domains. In 
addition, it would be recommended to allow children to enter or leave these small 
instruction groups depending on the topic that is being taught, because they may 
experience difficulties in one domain of mathematics but not in another. Finally, 
for educational psychologists it would be recommended to pay more attention 
towards individual differences in diagnosis and treatment of children with 
mathematical difficulties, for instance by creating a unique profile of strengths 
and weaknesses for each child. In this way, we can meet the (special) needs of all 











   Symbolic -.36*** -.34***
   Mapping .15* .23**
Phonological awareness .29*** .37***
Rapid naming
   Alphanumeric -.34*** -.09
   Non-alphanumeric -.28*** -.16*
Working memory .19** .38***
Nonverbal reasoning .20** .50***
* p < .05; ** p < .01; *** p < .001
Table 3A.2  Latent profile analyses model solutions
Model #profiles Entropy AIC BIC
Equal variances,
covariance fixed to 0
1 1600.88 1615.44
2 .65 1507.02 1532.49
3 .62 1493.39 1529.77
4 .65 1499.37 1546.67




2 .64 1485.35 1525.37
3 .70 1495.17 1557.02
4 .72 1482.12 1565.80
5 .70 1494.33 1599.85





A manuscript that is based on this Chapter has been resubmitted for publication:
Huijsmans, M. D. E., Kleemans, T., & Kroesbergen, E. H. The cognitive profiles for 
different samples of mathematical learning difficulties are quite similar to typical 




Several cognitive deficits have been suggested to induce mathematical learning 
difficulties (MLD), but it is unclear whether the cognitive profile for all children 
with MLD is the same, and to what extent it differs from typically developing (TD) 
children. It was investigated whether such a profile could be distinguished when 
cognitive skills and math performance are compared between typically developing 
(TD) children and children with MLD, by employing a longitudinal Bayesian 
multigroup growth analyses in 276 10-year-olds (60 with MLD) from fourth to fifth 
grade. Additionally, it was investigated whether more restrictive selection criteria 
for MLD result in different mathematical and cognitive profiles by means of 
Bayesian t-tests. Results showed that cognitive mechanisms for math development 
are mostly similar for MLD and TD, and that variability in sample selection criteria 
did not produce different mathematical or cognitive profiles. To conclude, 
the cognitive mechanisms for math development are quite similar for children 
with MLD and TD children, even when different MLD samples were selected. 
This strengthens our idea that MLD can be defined as the worst performance on a 
continuous scale rather than it being defined as a discrete disorder. 
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Introduction
Math development does not come naturally for every child. Whereas many children 
meet the national requirements for math proficiency throughout primary school, 
some of them encounter severe en persistent difficulties with learning mathematics 
(i.e., mathematical learning difficulties; MLD; Van Luit, 2019; Desoete, 2007). 
The deficiencies displayed by children with MLD—sometimes also referred to as 
dyscalculia—can be very broad. They can be manifested in different domains of 
mathematics as well as in associated cognitive skills, which reflects the hetero -
geneity of MLD (Geary, 2004). The exact cognitive mechanisms that give some 
children the opportunity to develop their math performance more than others 
remain unclear. Variability in sample characteristics among studies (e.g., Murphy 
et al., 2007) further complicates the identification of cognitive mechanisms in 
MLD and, as a consequence, hinders the search in identifying the correct building 
blocks of setting up adequate interventions for children with delays in mathematics. 
Therefore, the aim of the present study was to examine which cognitive mechanisms 
predict the math development of children with MLD and their typically developing 
(TD) peers, and to what extent sample selection criteria lead to different profiles of 
mathematical and cognitive skills. 
 Mathematics in the upper grades of primary school demands understanding 
as well as application of common principles and strategies to math problems. 
The emphasis of the present study is on fourth and fifth grade mathematics, 
because children in those grades typically expand their math knowledge from 
simple arithmetic skills to solving more complex math problems (Mullis et al., 
2016). Mathematics is operationalized into three domains of the Dutch curriculum: 
Numbers, geometry, and proportions. First, the numbers domain represents children’s 
proficiency in calculations with (large) whole numbers. The geometry domain 
entails the ability to calculate the perimeter or area of a figure, as well as converting 
units of measure (e.g., cm to km). Lastly, the proportions domain involves 
calculations with rational numbers such as fractions and decimals (Noteboom et 
al., 2017). These are separate domains of mathematics, as appears from the notion 
that number systems are different from geometry systems (Spelke et al., 2010), and 
the fact that children experience major difficulties when moving from whole 
numbers to rational numbers (Wearne, & Kouba, 2000). 
 Computational proficiency in any domain of mathematics may rely on a specific 
set of cognitive skills. As a case in point, the central executive (i.e., a working 
memory component; Baddeley, & Hitch, 1974) and alphanumeric rapid naming 
predicted the numbers domain in second to fifth grade; This effect was mediated 
by arithmetic (Fung, & Swanson, 2017). Second, it has been shown that verbal and 
visuospatial working memory, and nonverbal reasoning are predictors of geometry 
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in fourth and fifth grade (Giofrè et al., 2014). Third, arithmetic, symbolic number 
sense, and verbal working memory predicted the proportions domain in third and 
fifth grade (Jordan et al., 2013). Finally, in a study that assessed both geometry and 
proportions in fifth grade, verbal working memory (mediated by arithmetic) and 
nonverbal reasoning again were identified as predictors (Kleemans et al., 2018). 
Those skills are generally needed to understand and maintain procedures and/or 
formulas during math problem solving. Next to the specific relations between the 
cognitive skills and the domains of mathematics, have they also been identified as 
predictors of mathematics in general (Slot et al., 2016).
 The development of mathematics varies as a function of interacting factors at 
the neurocognitive level, (i.e., connectivity between frontal and parietal cortex) 
combined with environmental opportunities (e.g., education) that induce learning 
(Nelson, 1999). From substantive theories such as the Multiple Deficit Model by 
Pennington (2006) follows that neurodevelopmental disabilities are predicted by 
multiple risk factors. Or in other words, mathematical learning difficulties (MLD) 
arise through a combination of (cognitive) deficits. Indeed, it has become evident 
that cognitive deficits play a detrimental part in mathematics performance. 
Andersson (2010) showed in a longitudinal study that children with MLD in 3rd 
and fourth grade developed their mathematical skills at similar rates as typical 
developing (TD) peers until fifth and sixth grade. However, the children with MLD 
lagged behind in working memory growth, which prevented them from catching 
up in math performance with their TD peers. Similar findings were obtained in 
another longitudinal study from kindergarten to fifth grade (Geary et al., 2012b). 
Thus, due to cognitive deficits, children with MLD start behind upon entry of 
primary school, and generally stay behind. 
 All possible combinations of cognitive risk factors add to the heterogeneity of 
MLD. A pivotal factor related to this heterogeneity is the great variation in study 
selection criteria. Common characteristics included in the definition of MLD are 
severity: level of performance on a standardized math task (Desoete, 2007; Geary, 
2004; Van Luit, 2019), persistency: duration of math difficulties (Desoete, 2007; 
Geary, 2004; Van Luit, 2019), specificity: no comorbid learning- or behavioral 
disabilities (Landerl et al., 2013), core deficit in number sense (Butterworth et al., 2011; 
Dehaene et al., 1993; Shalev, 2004), and IQ-discrepancy: math performance is below 
what could be expected based on intelligence (Van Luit, 2019). Based on these – 
often arbitrary – criteria, MLD samples frequently diverge in their level of 
mathematics performance and growth trajectories. It seems evident that these 
criteria also can influence conclusions about the cognitive profiles of MLD. Indeed, 
from a meta-analysis on working memory deficits related to MLD for example 
appeared that effect sizes in the twenty studies included ranged from 1.39 to 8.05 
(Peng, & Fuchs, 2016). Although all of these effect sizes are considered large, they 
also indicate great variability across studies.
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 Besides, study criteria often do not match with clinical practice. An important 
aspect in the Dutch and Flemish diagnosis for dyscalculia (Ruijssenaars et al., 
2021) as well as the DSM-5 (APA, 2013) definition for specific learning difficulties 
(including MLD) is the persistency criterion. However, many study designs do not 
include multiple assessments of MLD (Kroesbergen et al., 2020). Another issue is 
that selection criteria are quite arbitrary. For instance, some argue that an LD 
must persevere for at least 6 months (e.g., APA, 2013; Ruijssenaars et al., 2021), 
whereas others wait to reassess math performance for a year or more (e.g., Shalev 
et al., 2005; Zhang et al., 2020). Yet others insist that a LD should continue to exist 
despite remediation efforts (e.g., Fuchs et al., 2007; Kavale, & Spaulding, 2008), 
whereas most studies do not measure interventions that occur outside of their 
research. Some of these criteria (e.g., severity) have also been suggested to 
distinguish between children with MLD and children with relatively less severe 
math difficulties (e.g., <10th percentile versus <25th percentile versus <40th 
percentile). Although performance of the MLD group generally is weaker than the 
low-achievers (e.g., Zhang et al., 2018), empirical studies have not revealed whether 
they rely on different cognitive mechanisms for math development. Furthermore, 
comparative research showed that different cutoff criteria for MLD result in 
similar cognitive profiles: Consistent differences were not found, but difficulties 
rather appeared on many of the same skills (Murphy et al., 2007), which seems to 
converge with the idea that children with a specific learning difficulty cannot be 
discriminated from TD children in terms of specific cognitive markers (Peters, & 
Ansari, 2019).
 To sum up, from the research conducted so far it remains unclear whether 
children with MLD rely on other cognitive skills than TD children (which would 
confirm that MLD should be acknowledged as a distinct disability), or that the 
cognitive predictors of math development for all children are too similar to 
recognize them as separate groups. Therefore, the first research question was: 
‘How are cognitive skills over time related to math performance in the domains of 
numbers, geometry, and proportions, and what are the differences between MLD 
and TD?’. In line with the literature, it was expected that arithmetic, working 
memory and nonverbal reasoning are the main predictors for all three domains of 
mathematics in TD children. Moreover, number sense and rapid naming have 
come forward as predictors of mathematics as well. Children with MLD as a group 
are expected to mostly rely on the same cognitive skills as TD children for all math 
domains, even though their cognitive skills are generally weaker than TD children 
(Peters, & Ansari, 2019).
 Another point of concern is that much heterogeneity exists in the selection 
criteria of MLD. This, as a consequence, may increase inequality in educational 
settings: Children who meet the cutoff generally receive additional support, but 
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those who just missed this (arbitrary) cutoff tend to be forgotten. In addition, as 
using different selection criteria may result in the identification of contrasting 
cognitive profiles, this potentially hinders intervention studies in targeting at the 
correct cognitive markers. Therefore, the second research question was: ‘To what 
extent can different criteria for MLD explain mathematical or cognitive profiles in 
children?’. In line with the literature, we expected that a more stringent selection 
of children with MLD (i.e., more severe, persistent and specific, and with a core 
deficit and IQ-discrepancy) results in weaker math performance, but that no clear 
cognitive profile is associated with a specific subgroup.
Methods
Participants
This longitudinal study was conducted in the following periods: January–March 
2018 (T1; intermediate fourth grade), September–October 2018 (T2; beginning 
fifth grade), and May–June 2019 (T3; end fifth grade). The sample included 276 
children from ten Dutch primary schools, whereof 60 children were identified as 
MLD, as they scored at or below the 25th percentile on a Dutch national standardized 
tests for mathematics (CITO Rekenen-Wiskunde; Janssen et al., 2010) at T3. Sample 
characteristics are displayed in Table 4.1. All children were fluent in Dutch. 
Children with any intellectual, physical or behavioral disability were excluded.
Procedure
The test battery was administered three times at the children’s schools. Ethical 
approval was granted by the institutional review board were this research was 
conducted. Schools were recruited using phone and e-mail, and parental active 
Table 4.1  Sample characteristics for TD children and children with MLD
TD MLD
n 216 60
Age (mean) 9;8 9;10
Gender (% boys) 51% 43%
SES1 (% (applied) university) 36% 20%
Nationality (% European) 93% 86%
1 Parental educational level
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informed consent was obtained prior to data collection. Classroom measures 
(mathematics, arithmetic, phonological awareness, and nonverbal reasoning), 
self-reliant computerized measures (number sense, working memory), and individual 
measures (rapid naming, word decoding) were administered in approximately 
three hours per child (spread across several school days) by trained experimenters 
using a standardized protocol. Tasks were performed in the same order in each 
session, but the order of the sessions was counterbalanced across schools and 
classrooms. 
Instruments
 Mathematics. A combined test with open-ended computational problems was 
used to assess mathematics: Items from the Schoolvaardigheidstoets Rekenen-Wiskunde 
[School Achievement Test for Mathematics] (De Vos, & Milikowski, 2012), an older 
version of the Dutch national test for mathematics (Janssen et al., 2005), and the 
Fraction Competency Test (Brown, & Quinn, 2007) were selected to obtain a 
comprehensive measurement of mathematics in the domains of numbers (19 
items), geometry (24 items), and proportions (18 items). All correct answers yielded 
one point. Internal consistency in the present study was good (α = .89).
 Arithmetic. The Tempo Test Automatiseren [Speeded Arithmetic Test] (De Vos, 
2010) was used to assess arithmetic by means of four subtests. Children started 
with the addition subtest, followed by subtraction, multiplication, and division. 
Each subtest included 50 arithmetic operations of increasing complexity whereof 
as many items as possible needed to be solved within a time limit of two minutes. 
Each correct answer yielded one point. Internal consistency for all subtests was at 
least sufficient (α’s > .78; Evers et al., 2009-2012).
 Symbolic number sense. Number sense was assessed with the computerized 
Dutch Assessment battery for Number Sense (Friso-van den Bos et al., 2017). Two 
subtests were used: Symbolic comparison and number line estimation. Stimuli 
ranging from 1 to 100 were presented at random using E-prime software (Version 
2.0). The symbolic comparison task required participants to rapidly indicate by 
key-press which of two numbers was the largest. Average reaction time in ms for 
the correct trials was used for further analysis. In the number line estimation 
task, participants had to position a target digit onto the number line, using a lever. 
Mean absolute errors (MAE) were computed by averaging the absolute difference 
between target numbers and their estimated position. After training blocks, 
testing blocks with 33 and 30 items were administered, respectively. The scores on 
both tasks were combined for further analyses: Recoded reaction times on the 
symbolic comparison task and MAE’s on the number line estimation task were 
standardized and averaged into one symbolic number sense score. Internal 
consistency of both tasks is good (α’s > .79; Kline, 1999).
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 Working memory. Visuospatial and verbal working memory were assessed 
using the online computerized tasks Lion game and Monkey game, respectively 
(Van de Weijer-Bergsma et al., 2015b; 2016). In the Lion game, pictures of colored 
lions (e.g., red, blue, yellow, green, or purple) were presented subsequently within 
a 4 x 4 matrix, and children were requested to indicate the final locations of lions 
of a specific color. In the monkey game, children listened to familiar spoken words, 
and had to recall those words backwards in the correct order by mouse click on 
written words in a 3 x 3 matrix. The average proportion of correctly recalled items 
was computed from the 20 items per task. Internal consistency for both tasks was 
good (α’s > .87; Van de Weijer-Bergsma et al., 2015b; 2016).
 Phonological awareness. Deletion and segmentation were assessed using two 
subtests from a phonological awareness task (Knoop-van Campen et al., 2018). In 
the 18-item deletion task, a letter (e.g., ‘s’) had to be deleted from a spoken word 
(e.g., ‘small’) by crossing the corresponding picture (e.g., ‘mall’, with distracters 
‘ball’ and ‘wall’) within four seconds. In the 12-item spoonerism task, the first 
letter of two verbally presented words (e.g., ‘mouse’ and ‘heat’ become ‘house’ and 
‘meat’) had to be switched to form new words by crossing two out of five 
corresponding pictures within five seconds. Each correct answer yielded one point. 
Internal consistency was sufficient (α = .70, Knoop-van Campen et al., 2018).
 Rapid naming. Alphanumeric and non-alphanumeric rapid naming were 
assessed using the continuously naming part of the Continu Benoemen en Woorden 
Lezen test [Continuously Naming and Word Reading] (Van den Bos, & Lutje Spelberg, 
2007). The task exists of four cards with ten times five high frequent visually 
presented items: Colors (black, yellow, red, green, blue), digits (2, 4, 5, 8, 9), pictures 
(tree, chair, duck, scissors, bike), and letters (d, o, a, s, p). Children were instructed 
accurately name these items as fast as possible. Averaged overall naming time in 
seconds was used as raw score. Split-half reliability and test-retest reliability were 
sufficient (α’s > .75; Evers et al., 2009-2012).
 Nonverbal reasoning. Raven’s Standard Progressive Matrices were used to 
assess nonverbal reasoning (Raven, 1976). This task consists of five sets with twelve 
visual patterns each, with increasing difficulty. In the first set, one part of each 
item was missing. Children had to select the missing part to logically complete the 
design out of six alternatives. In the other sets, four to nine patterns were presented, 
from which the final figure was missing. Children selected the missing figure out 
of six to eight alternatives. Each correct answer yielded one point. Internal 
consistency was good (α > .90; Raven et al., 1998). 
 Word decoding. Word decoding was measured with the Eén Minuut Test (EMT, 
One Minute Test; Brus, & Voeten, 1999). Within one minute, children had to 
accurately read as many unrelated words as they could. Difficulty level was altered 
by increasing word length from one to four syllables. The number of correctly read 
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words (max. 116) was the raw score. Internal consistency was good (α = .90; Evers et 
al., 2009-2012).
Data Analysis
 Preliminary analysis. Measures included in the present study were the 
cognitive predictors at T1, arithmetic as a mediator at T1, and a latent growth 
factor (i.e., intercept and slope) for mathematics from T1–T3. Outliers (> |3.29|) 
were winsorized, and there were no strong violations of the normality assumption 
(standardized |skewness| and |kurtosis| < 3.0). The observed variables of all latent 
constructs were significantly correlated (p’s < .05). This was the case for arithmetic 
(r’s > .59 for addition, subtraction, multiplication, and division), number sense 
(r = .26 for symbolic comparison and number line estimation), working memory 
(r = .16 for verbal and visuospatial working memory), phonological awareness 
(r = .35 for deletion and spoonerism), and rapid naming (r = .64 for alphanumeric 
and non-alphanumeric rapid naming). The cognitive predictors were not related to 
each other, thus covariances were set to zero in further analyses.
 Statistical analysis. To examine whether similar cognitive mechanisms are 
involved in children with MLD and TD children during math development, 
Bayesian structural equation modelling (BSEM) was conducted using the bla-
vaan-package (Merkle, & Rosseel, 2018) in open-source R software (version 3.6.1; 
RDevelopmentCoreTeam, 2019). Bayesian analyses deal well with smaller sample 
sizes when estimating complex models (Van de Schoot, & Depaoli, 2014; Van de 
Schoot et al., 2014), and resolve the issue of multiple comparisons when using 
normal priors centered at zero (Gelman, & Tuerlinckx, 2000; Gronau et al., 2020). 
 We explored which cognitive skills (i.e., number sense, working memory, 
phonological awareness, rapid naming, and/or nonverbal reasoning) predicted 
growth in numbers, geometry, and proportions for children with MLD and TD 
children. A multigroup analysis was carried out to compare their (dis-)similarities. 
Arithmetic was included as mediator between the cognitive predictors and 
mathematics. Goodness of fit of the models was examined using the posterior 
predictive p-value (ppp ≥ 0.05 indicates good fit; Meng, 1994), and models were 
compared using the deviance information criterion (dic; a lower value indicates 
better fit of the model to the data; Spiegelhalter et al., 2002). See Figure 4.1 for the 
theoretical growth model used in the present study. 
 For our second research question, Bayesian t-tests were used to compare 
different sample selection criteria (Table 4.2) for all mathematical and cognitive 
variables at T1-T3 by means of the BayesFactor package (Morey et al., 2018) in R 




Cognitive Predictors of Mathematics
To explore whether predictors of mathematical growth are different for children 
with MLD and TD children, mean scores on the math domains and associated 
cognitive skills were depicted. On average, children with MLD performed weaker 
on each domain of mathematics at each time point compared with TD children, 
but all of them displayed growth in mathematics (Figure 4.2). For numbers and 
geometry, children with MLD seem to grow at a similar rate as TD children, but 
with a lower starting level. Growth on geometry is mainly manifested throughout 
Figure 4.1. Theoretical growth model of mathematics, with the effects of the cognitive 













Table 4.2  Overview of selection criteria for MLD used in the present study
Criterion Group 1 Group 2
Severity ≤ 10% on math ≤ 25% on math
Persistency ≤ 25% at T1-T3 ≤ 25% only at T3
Specificity ≤ -1SD on word decoding at T1 ≥ mean on word decoding at T1
Core deficit ≤ -1SD on number sense at T1 ≥ mean on number sense at T1
IQ discrepancy ≥ 1SD difference at T1 ≤ 0.5 SD difference at T1
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fifth grade (i.e., from T2 to T3), whereas children with MLD barely grow on 
proportions. Overall, children who started behind at T1 stayed behind at T3, but all 
children still show some improvement over time. Regarding the cognitive skills, it 
became evident that children with MLD on average performed worse on all 
predictors than TD children, except for rapid naming (Figure 4.3).
 As the descriptive analysis indicated that children with MLD generally perform 
weaker on our measures of mathematics and cognitive skills, a Bayesian multigroup 
mediation growth analysis was conducted to explore whether children with MLD 
appeal upon similar or different cognitive mechanisms for math development as 
TD children. The intercept and slope of the mathematical domains (i.e., numbers, 
geometry, and proportions) were the dependent variables, the cognitive predictors 
(i.e., number sense, working memory, phonological awareness, rapid naming, and 
nonverbal reasoning) were the independent variables, arithmetic was the mediator, 
Figure 4.2. Mean scores for children with MLD (depicted in grey) and TD children (depicted in 
black) for the mathematics domains (A) numbers, (B) geometry and (C) proportions, and for 


























































































and all effects were estimated for the TD group and the MLD group separately. 
Model fit was good, see Table 4.3. Note that indirect effects (a*b) and total effects 
(c + a*b) can be calculated from Figures 4.4 to 4.6. 
 Numbers. For TD children, arithmetic and nonverbal reasoning had strong 
direct effects on the intercept of numbers. Furthermore, there were medium effects 
of working memory and phonological processing (i.e., phonological awareness 
and rapid naming) on the intercept of numbers. Arithmetic, rapid naming and 
nonverbal reasoning also had medium effects on the slope of numbers. There were 
medium-sized indirect effects of number sense and rapid naming via arithmetic 
on the intercept of number, but not for the slope. The model explained 70% of 
the variance for the intercept, and 13% for the slope. 
 For children with MLD, arithmetic and nonverbal reasoning also had strong 
direct effects on the intercept of numbers. A strong direct effect of phonological 
awareness (cf. rapid naming) on the slope was found. There were medium effects 
from number sense, working memory, and phonological awareness for the intercept 
of numbers. Working memory and nonverbal reasoning had medium effects on 
the slope of numbers. Contrary to the TD children, there were no indirect effects 
Figure 4.3. Standardized mean scores for children with MLD (depicted in grey) and TD children 
(depicted in black) for predictors of mathematics at T1. Note. Reaction times (symbolic comparison 
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on intercept or slope. The model explained 49% of the variance for the intercept, 
and 38% for the slope.
 Geometry. For TD children, arithmetic, working memory, phonological awareness, 
and nonverbal reasoning had strong direct effects on the intercept of geometry, 
along with a medium effect from number sense. Furthermore, working memory 
had a medium effect on the slope of geometry. There were medium-sized indirect 
effects of number sense and rapid naming via arithmetic on the intercept of 
geometry, but not for the slope. The model explained 82% of the variance for the 
intercept, and 9% for the slope. 
 For children with MLD, arithmetic, number sense, and nonverbal reasoning 
had strong direct effects on the intercept of geometry. Effects of phonological 
processing were medium-sized. Number sense and nonverbal reasoning also had 
strong effects on the slope of geometry, and effects of arithmetic and phonological 
processing were medium-sized. Contrary to TD children, there was no effect 
of working memory, and there were no indirect effects on intercept or slope. 
The model explained 44% of the variance for the intercept, and 28% for the slope. 
 Proportions. For TD children, arithmetic, working memory, phonological 
processing, and nonverbal reasoning had medium effects on the intercept of 
proportions. Arithmetic and nonverbal reasoning had strong effects on the slope 
of proportions. Effects of working memory and phonological processing were 
medium. There were no indirect effects. The model explained 23% of the variance 
for the intercept, and 35% for the slope. 
 For children with MLD, there was only a medium-sized effect on number 
sense on the intercept of proportions. There were again no indirect effects on 
intercept or slope. The model explained only 3% of the variance for the intercept, 
and 4% for the slope.
 It should be noted that there was a bottom-effect for many children (TD and 
MLD) on the proportions items at T1, which might clarify why variance explained 
was quite small (especially in children with MLD).
 To summarize, these results suggest that the overall level of performance 
(i.e., the intercept) and growth in performance (i.e., the slope) in mathematics were 
Table 4.3   Goodness of fit for the Bayesian multigroup mediated  






















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































predicted quite consistently across domains during the two years of study. 
Moreover, the predictors of mathematics were rather alike for children with MLD 
and TD children. To be more specific, arithmetic, working memory, and nonverbal 
reasoning predicted intercept and to a smaller extent slope for numbers and 
geometry for all children. For children with MLD, however, the effect of working 
memory on geometry and proportions was smaller, whereas the effect of number 
sense was larger. Phonological processing (i.e., phonological awareness and rapid 
naming) was also consistently revealed as predictor of the mathematics domains. 
Finally, there was a difference between children with MLD and TD children 
regarding the mediator arithmetic. For the numbers and geometry domains, 
arithmetic mediated the effect of number sense and rapid naming on the intercept, 
but only for TD children.
Selection Criteria MLD
To answer the second research question, several other selection criteria were 
applied to the MLD sample, and mathematical and cognitive profiles were plotted for 
each criterion. Performance on each of the measures was compared using Bayesian 
t-tests for severity (lowest 10% versus lowest 25%), persistency (one measurement 
versus three measurements), specificity (comorbidity with reading LD versus specific 
LD), core number sense deficit (yes versus no), IQ-discrepancy (yes versus no). 
 More stringent criteria (i.e., a more severe LD, or a persistent LD) resulted in 
the weakest performance on mathematics. This was especially true for numbers 
and geometry. In contrast, a comorbid reading LD resulted in weaker arithmetic 
skills, but did not affect mathematics performance. Whether a child with MLD had 
a core deficit in number sense neither seemed to have an impact on mathematics 
performance. Finally, children with an IQ-discrepancy performed more poorly on 
geometry than children whose nonverbal reasoning is in line with their math 
achievement. All figures are depicted in the Appendix.
 Regarding the cognitive skills, differential profiles were not detected for most 
of the selection criteria of MLD (Figure 4.7). A (visuospatial) working memory 
deficit was revealed for children with a more severe LD or a persistent LD, but none 
of the other cognitive skills could be used to distinguish between those selection 
criteria. In contrast, children with a comorbid math and reading LD performed 
weaker on verbal working memory, phonological awareness, and rapid naming 
than children without a comorbid LD. A number sense core deficit did not lead to 
differences in any of the other cognitive skills. Finally, results for the IQ-discrepancy 
criterion are somewhat inconsistent: Children with a discrepancy scored lower 
on alphanumeric rapid naming, whereas children with weak math and weak 
nonverbal reasoning had lower scores on working memory. 
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Figure 4.7. Standardized scores on cognitive skills at T1-T3, mean, and growth across time 
points for each of the selection criteria of MLD.
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Discussion
The present study examined how cognitive functions are related to math 
performance in the domains of numbers, geometry, and proportions over time, 
and how this differs between mathematical learning difficulties (MLD) and typical 
development (TD). Additionally, it was investigated to what extent different criteria 
for MLD can explain mathematical or cognitive profiles in primary school 
children. Bayesian structural equation growth curve modelling was employed to 
assess the direct and indirect (via arithmetic) effects of the cognitive skills (i.e., 
number sense, working memory, phonological awareness, rapid naming, and 
nonverbal reasoning) on the mathematics domains (i.e., numbers, geometry, and 
proportions). 
 Regarding the first research question on the differences in cognitive predictors 
of growth in mathematics, an MLD group (n = 60) was compared with a TD group 
(n = 216). The results showed for numbers and geometry that variance explained 
was larger for the average level of math performance (i.e., intercept) than for math 
development (i.e., slope) for both MLD and TD. In other words: The set of cognitive 
skills under study was more comprehensive for current math performance than 
for math development. Possibly, other factors are likely to play a role in academic 
growth as well, such as motivation and learning strategies (Murayama et al., 2013). 
 Taken together, the results suggest that children with all levels of math 
performance (e.g., ranging from weak to strong) rely on similar cognitive mechanisms 
Figure 4.7. Continued.



































































































































































































































































to increase performance in all domains of mathematics throughout the upper 
grades of primary school. The strongest predictors of (growth in) mathematics 
were arithmetic (also as a mediator), working memory, and nonverbal reasoning, 
which is in line with our expectation, and is consistent with previous research 
(Kleemans et al., 2018). The development of mathematics in general thus seems to 
depend on having acquired arithmetic skills (Cirino et al., 2016; Vukovic et al., 
2014), working memory capacity in order to temporarily store and manipulate 
intermediate steps, and the ability to use reasoning in situations where problem 
solving is required (Giofrè et al., 2014). 
 Next to working memory and nonverbal reasoning, phonological processing 
(i.e., phonological awareness and rapid naming) appeared to play a role in all 
domains of mathematics as well. An explanation might be that, although more 
obvious for numbers, all domains of mathematics require the application of 
automatized knowledge (Zentall, 1990). For geometric and proportion operations 
it too might be beneficial to quickly and accurately retrieve number facts (e.g., to 
calculate surface by multiplying length with width, or to convert fractions to the 
same denominator) from long-term memory, a skill that is supported by 
phonological awareness and rapid naming (Willburger et al., 2008).
 Finally, number sense predicted math performance (i.e., intercept) mainly for 
children with MLD. This finding is in line with the literature, wherein it has been 
shown that children with MLD have poor number sense (e.g., Tosto et al., 2017). TD 
children, in contrast, seem to rely more on higher order cognitive skills, because 
they might have internalized number sense skills. Previous research indeed has 
indicated that number sense mainly discriminates between children with weak 
math performance, and not between average- to high-achieving children (Geary et 
al., 2012b; Nelwan et al., 2020). Math difficulties may thus result from a number 
sense deficit in some children, which is why researchers have used this criterion to 
select more homogeneous MLD samples (Mazzocco, et al., 2011; Piazza et al., 2010; 
Von Aster, & Shalev, 2007). However, the other cognitive skills should not be 
ignored, as the growth-models in the results section showed that their role in 
math performance is substantial as well.
Study Selection Criteria
With respect to the second research question on the effect of different selection 
criteria for MLD on children’s mathematical and cognitive profiles, the data 
revealed that children with more severe and persistent math difficulties displayed 
weaker math performance in fourth and fifth grade whereas the specificity, core 
deficit, and IQ-discrepancy criteria did not reflect distinct profiles of mathematics. 
It should be noted, however, that children with a word decoding deficit had weaker 
arithmetic skills. Despite the similarities in performance on the mathematics 
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domains between children with and without a word decoding deficit, the former 
group might display an additional processing speed problem. Decoding and 
arithmetic are timed measures, and difficulties on such tasks can reflect a general 
access deficit. Delayed fact retrieval from long-term memory might underlie their 
math difficulties (Geary, 2004; Koponen et al., 2007).
 Especially the absence of differences between groups regarding the core 
deficit in number sense was somewhat unexpected, as previous research along 
with the latent growth models in the current study have indicated that number 
sense discriminates better between children with lower levels of math performance 
than average- to high-achievement (Geary et al., 2012b). The fact that children in 
either group (e.g., with or without a core deficit) performed similar on the domains 
of numbers, geometry, and proportions in fourth and fifth grade seems to converge 
with the idea that number sense appears to be a prerequisite for math proficiency 
(Geary et al., 2012b), and not so much a clinical marker for identifying MLD, which 
also seem to be the case when it comes to using the specificity and IQ-discrepancy 
criteria. In other words, although research has previously used these criteria to 
select more homogeneous samples of MLD (see e.g., Peters, & Ansari, 2019 for a 
review), evidence for differences in mathematical abilities based upon specificity, 
a core deficit, or IQ-discrepancy was not provided by the current data. Therefore, it 
may be redundant to use these criteria for diagnostic and scientific purposes. 
 Concerning the cognitive profiles related to each selection criterion, the results 
showed that a clear profile cannot be distinguished for the severity and persistency 
criteria. Thus, although children with a more serious math problem (i.e., <10% or 
persistent) performed weaker on mathematics, there were no cognitive markers in 
this study that might explain their diverging performance. This finding might 
seem contradictory to previous research that has compared children with more 
severe MLD to less severe low-achieving children. In such studies it generally has 
been found that both groups differ on number sense (Geary et al., 2012b), working 
memory (Geary, 2011b), and rapid naming in first- to second-grade (Geary et al., 
2012b), but similarities have also been found in third- to fifth-grade in number 
sense and nonverbal reasoning (Geary, 2011a), and rapid naming (Geary et al., 
2012b). What such studies do not show, however, is that while children with math 
difficulties perform weaker on associated cognitive skills compared with children 
with stronger math skills, the patterns of how and which cognitive skills are 
related to mathematics do not differ. Therefore, we tentatively conclude that 
although more stringent criteria select children with weaker math performance, 
their cognitive profiles are comparable to those of children with stronger math 
skills.
 It is interesting to note that working memory differed within the severity and 
persistency groups. We argue that this merely is a proxy for weaker intelligence in 
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those groups, because children without an IQ-discrepancy (thus math performance 
and nonverbal reasoning were at the same level) displayed weak working memory 
in the present study. Moreover, previous research has reported at least moderate 
correlations between working memory and nonverbal reasoning (Giofrè et al., 
2017), and it has been shown that intelligence explains more variance in the 
development of mathematics than working memory (Demetriou et al., 2014). 
Hence, this result on its own did not convince us that the cognitive profiles for 
more restricted criteria are dissimilar from those of less restricted criteria. 
 A core deficit in number sense also did not lead to differences in any of the 
other cognitive skills in the present study. This finding is not in line with research 
that views children with a core deficit as a subgroup of MLD (Shalev, 2004). Instead, 
our data showed that a number sense deficit generally does not result into a specific 
cognitive profile. It has previously been indicated that although there may be a 
small group of children whose math difficulties can be explained by a number 
sense deficit, most children have additional cognitive deficits as well (Landerl et 
al., 2013), which corresponds with the Multiple Deficit Model wherein a network of 
(cognitive) skills is accounted for (Pennington, 2006). Indeed, the data showed that 
children with and without number sense difficulties not only performed equally 
on mathematics, but also on working memory, phonological awareness and rapid 
naming. 
 Finally, children with comorbid math and reading difficulties performed weaker 
on cognitive skills related to reading (i.e., verbal working memory, phonological 
awareness, and rapid naming; Slot et al., 2016) than children without a comorbid 
difficulty. This can be explained by their specific arithmetic difficulties, because 
the aforementioned cognitive skills are involved in fact retrieval (Koponen et al., 
2007). Comorbidity thus constitutes a pivotal characteristic of MLD (Landerl et al., 
2013). However, we cautiously argue that it is important to disregard the specificity 
criterion for diagnosis in research and clinical practice, as the mathematical 
abilities of both groups were the same. These children too experience difficulties 
in mathematics and require intervention, despite (or because of) their comorbid 
difficulty. 
 To summarize, when taking both mathematical and cognitive skills into 
account, we suggest that selection criteria commonly used in research and clinical 
practice do not meaningfully distinguish mathematical and cognitive profiles. 
The cognitive profile does not differ for different severity cut-offs, and the same is true 
for persistency. Research often discriminates between MLD and low-achievement, but 
the empirical data of our study did not support such a distinction. Depending on 
the criteria used, these groups will of course score different on mathematics, 
but their cognitive profiles are the same. In contrast, the specificity criterion 
(i.e., comorbidity with word decoding) showed different cognitive profiles for both 
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groups. Cognitive deficits related to reading pointed to a general access deficit that 
delays fact retrieval from long-term memory (Koponen et al., 2007), something 
that was also reflected by weaker arithmetic skills in children with a comorbid 
math and reading difficulty. Diagnostic criteria in clinical practice and in most 
research commonly exclude comorbidities in order to select more homogeneous 
samples (Peters, & Ansari, 2019). A side-effect of the under-representation of 
children with comorbid disabilities in research is that they are subsequently 
denied access to remediation programs in clinical practice. We therefore opt for an 
individual differences perspective on learning and learning difficulties (see e.g., 
Dowker, 2015). In such an approach, math achievement is assessed on a continuum 
to overcome the problems associated with discrete categories of learning difficulties 
(e.g., variability in severity cutoffs and exclusion of comorbid disabilities; Peters, & 
Ansari, 2019; but also the hazard of neglecting children who struggle with 
mathematics but just come short of the diagnostic criteria), and individual 
strengths and weaknesses on associated cognitive skills can be taken into account. 
Limitations and Future Directions
Some limitations need to be acknowledged at this point. First, the results of the 
present study indicated that all children, on average, need to be skilled in 
arithmetic, working memory, nonverbal reasoning and phonological processing 
in order to develop proficiency in the numbers, geometry, and proportions 
domains of mathematics. The effects of some predictors were, however, stronger 
for one domain than for another. If we would have been able to estimate one 
comprehensive model that included all math domains, we would have been better 
able to assess the unique and shared effects of the predictors on mathematics. 
Despite this limitation, it appears as if individual variation within primary school 
children is larger than variation across the domains of mathematics in the present 
study, which could be addressed in future research.
 Another important consideration is that we did not specifically sample children 
who have previously received the diagnosis dyscalculia. Perhaps the distinction 
between different sample characteristics might have been more evident when one 
group included children with diagnosed dyscalculia instead of the relatively more 
restricted selection of MLD. For instance, persistency was defined as multiple 
assessments in the present study, whereas clinical practice adds that math 
difficulties should be persistent despite remediation. Also, the specificity criterion 
distinguished between children with and without reading difficulties; children 
with comorbid behavioral or physical disabilities were excluded from this study. 
Of course, in clinical practice all kinds of comorbidities are taken into account. 
The advantage of our approach is that larger samples are obtained more easily, 
which allows for greater power to detect medium to large effects. Moreover, the 
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present data showed that most of the commonly used sample selection criteria do 
not revolve into different mathematical or cognitive profiles. Thus, rather than 
restricting selection criteria for MLD, a suggestion for future research could be to 
specifically report on sample characteristics in a transparent manner.
Conclusions
To conclude, the cognitive mechanisms for math development in fourth and fifth 
grade were quite similar for children with math difficulties and TD children. 
Despite weaker performance on those cognitive skills, children with math 
difficulties do not seem to have a specific profile of cognitive deficits that 
distinguishes them from TD children. Additionally, different ways of selecting 
MLD did not result in different cognitive profiles either. Taking these findings 
together strengthens our idea that MLD cannot be seen as a discrete disorder, but 
rather that mathematics should be viewed on a continuous scale (see also e.g., 
Hudziak et al., 2007; Moll et al., 2014). Some children with weak math performance 
may advance less throughout primary school compared with other children with 
math difficulties based on individual variation in related cognitive mechanisms, 
but these differences cannot be categorized into a separate difficulty. Thus, 
variation in mathematics performance cannot be differentiated by means of 
cognitive profiles for any of the selection criteria used in the present study. 
Therefore, it would be recommended for clinical practice to evaluate an array of 
cognitive markers (i.e., working memory and phonological skills in addition to 
number sense) when making the diagnosis of math difficulties. An individual 
differences perspective can be applied to intervention, wherein remediation is 
adjusted to a child’s unique profile of cognitive strengths and weaknesses.
4
cognitive profiles mld samples
107
Appendix
Standardized scores on the mathematics domains at T1-T3, mean, and growth 
across time points for each of the selection criteria of MLD.
* Anecdotal evidence for H1 (BF = 1-3); ** substantial evidence for H1 (BF = 3-10); *** strong evidence for H1 
(BF > 10).
T1 T2 T3 Mean Growth
Severity criterion



















































































































T1 T2 T3 Mean Growth
Persistency criterion














































































































* Anecdotal evidence for H1 (BF = 1-3); ** substantial evidence for H1 (BF = 3-10); *** strong evidence for H1 
(BF > 10).
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* Anecdotal evidence for H1 (BF = 1-3); ** substantial evidence for H1 (BF = 3-10); *** strong evidence for H1 
(BF > 10).
T1 T2 T3 Mean Growth

















































































































Primary school math development is characterized by great individual variation. 
Most children meet the national requirements for math proficiency, whereas some 
of them are not able to reach the minimum goals of primary math education. 
When the difficulties in learning mathematics are severe and persistent, this is 
defined as mathematical learning difficulties (MLD) in the present dissertation. 
MLD have traditionally been viewed as being explicitly different from typical 
development (TD). However, this way of defining MLD has some serious 
shortcomings, because a strong empirical basis for the exact boundary between 
MLD and TD is lacking—also with regard to the cognitive skills associated with 
learning mathematics. In the literature it has been hypothesized about subtypes 
of MLD, but these have not consistently been identified in empirical research 
either. The aim of this dissertation was therefore to investigate how MLD subgroups 
(i.e., subdivided based on different performance-profiles, with or without comorbid 
difficulties, and with more or less stringent diagnostic criteria) differ from each 
other, as well as from typical development (TD). The central research question was 
to what extent children with MLD differ from TD children in terms of math 
performance and development, as well as associated cognitive skills. Mathematics 
was divided into basic arithmetic fact retrieval and advanced mathematical 
problem solving, and the cognitive skills included number sense, working memory, 
nonverbal reasoning, and phonological skills. The main conclusion of the present 
dissertation is that children with MLD, regardless of how this group is constructed, 
on average have similar cognitive profiles to aid math development as TD children, 
although substantial individual variation between children exists. 
 To elaborate, in Chapter 2 it was found that children with weak math 
performance show alternative cognitive pathways—circumventing cognitive 
deficits—to develop some level of proficiency in mathematics. Children with 
comorbid mathematical and reading learning difficulties do not appear to be able 
to fall back on such compensatory mechanisms. Chapter 3 showed that no 
mathematical or cognitive profiles could be identified that differentiated 
meaningfully within MLD, or between MLD and TD, most probably because the 
variation within children with MLD is substantial. Chapter 4 revealed that 
cognitive predictors for math development were quite the same for children with 
MLD and TD children, even when stringent selection criteria (i.e., severity, 
persistency, specificity, IQ-discrepancy, and core deficit) were applied to the MLD 
sample. In this final chapter, the main findings are embedded in theoretical 
frameworks on learning difficulties and individual variation in academic 
performance. Additionally, general reflections and directions for future research 




How do Children with MLD Differ from TD children?
To answer the central research question ‘How do children with MLD differ from 
TD children in terms of math performance and development, as well as associated 
cognitive skills?’, performance on mathematics and cognitive skills was investigated 
by means of cross-sectional data in fourth grade (Chapters 2 and 3) and longitudinal 
data from mid fourth grade to late fifth grade (Chapter 4). More specifically, in 
Chapter 2 the cognitive profiles of children with specific and comorbid MLD were 
compared to TD, in Chapter 3 it was examined whether specific MLD profiles 
could be identified in the data, that show a different cognitive profile than TD, 
and in Chapter 4 it was studied whether there are specific subtypes of MLD, 
as well as whether children with MLD and TD children differ in math development 
over time. 
 To recap, MLD was defined as difficulties with acquiring proficiency in 
mathematics in the present dissertation, and is clinically diagnosed as such when 
the difficulties encountered are severe, persistent and specific (APA, 2013; 
Ruijssenaars et al., 2021). It has frequently been indicated that children with MLD 
display weaker mathematical skills than TD children on average (for a review see 
Geary, 2011b), which can be accounted for by the way these children are selected 
(i.e., below a certain percentile on a standardized math test; Murphy et al., 2007; 
Peters, & Ansari, 2019). When looking more closely, it appears that many children 
with MLD experience difficulties with the application of basic arithmetic skills 
into these standardized tests for advanced mathematics (Mullis et al., 2016). 
Children with MLD can thus experience weaknesses in basic arithmetic, advanced 
mathematics, or both. Therefore, it was investigated in the present dissertation 
whether profiles of MLD could be identified, and whether these could be 
differentiated from TD.
Profiles of MLD Compared with TD
With respect to the identification of MLD profiles, it was investigated in Chapter 3 
whether children with MLD in general perform weaker than TD children on basic 
arithmetic and advanced mathematics, or whether specific profiles of mathematics 
performance could be retrieved from the data, using latent profile analysis (LPA). 
However, the results showed that separate profiles of mathematics performance in 
fourth graders could not be identified. Instead, 34% of the whole sample was 
grouped together into one profile consisting of weak performance on basic 
arithmetic and advanced mathematics, which is more than common criteria for 
defining MLD in research (e.g., 10th to 25th percentile), and way more than 
prevalence estimates that usually lay around 7% in regular classrooms (Murphy et 




from low-achieving TD children, or at least not so different that MLD can be 
distinguished from TD based on math performance alone. To add to that, 
contrasting the cognitive skills of children with MLD to those of (low-achieving) 
TD children in Chapter 3 did not result in such distinct cognitive profiles either. 
 An alternative explanation might be that there is so much individual variation 
within MLD (and TD as well) that children with MLD cannot easily be clustered 
into one MLD profile that in itself is different from a (low-achieving) TD profile. 
This is in line with the large heterogeneity as described by Salvador et al. (2019), 
who have stated that a consistent criterion to identify children with MLD is 
difficult to establish due to the heterogeneity of the cognitive profile of MLD. 
Indeed, previous research has theorized about subtypes of MLD (e.g., Desoete, 
2007; Geary, 2004; Moeller et al., 2012), but empirical research so far has not 
consistently differentiated between MLD subtypes by means of cognitive skills 
related to mathematics, see Chapter 3. Therefore, it was investigated in Chapter 4 
whether employing more stringent criteria for selecting MLD resulted in relative 
homogeneous subtypes than can be differentiated by differences in mathematics 
and cognitive skills. As described in Chapter 4, however, meaningful profiles were 
not found for most of the sample selection criteria included in the current 
dissertation (i.e., severity, persistency, core deficit, and IQ-discrepancy). One 
exception forms the specificity criterion, see below. These findings are partly 
consistent with a recent meta-analysis on sample characteristics of MLD, in which 
no main effects of severity and persistency on mathematics were found 
(Kroesbergen et al., 2020). In addition, a distinction in more versus less serious 
MLD has not resulted in differential effects for treatment programs (Van 
Oostendorp, 2019). Thus, the clinical significance of these selection criteria for 
MLD is worthy of reconsideration. 
 Dividing MLD into subtypes based on more stringent selection criteria thus 
does not appear to resolve the issue why separate profiles for MLD and TD were not 
identified in the present dissertation. Another explanation could be found in the 
finding from Chapter 4 that the application of the specificity criterion revealed 
unique cognitive weaknesses. This criterion separated children with specific MLD 
from children with comorbid word reading learning difficulties (RLD), and it 
was found that children with comorbid RLD displayed weaker performance on 
arithmetic, verbal working memory, and phonological processing than children 
with specific MLD. These skills are all related to fact retrieval from long-term 
memory, which is involved in the ability to automatize and memorize arithmetic 
operations and facts (Koponen et al., 2007) as well as the ability to decode words for 
word reading (Norton & Wolf, 2012). Thus, the mechanisms related to the math 
difficulties of children with comorbid RLD may be different from the mechanisms 
associated with specific MLD. This was also suggested in Chapter 2, wherein it was 
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found that children with comorbid RLD rely less on some of the cognitive 
mechanisms related to mathematics compared to children with specific MLD.
 Taken together, it seems undesirable to dichotomize children into groups 
with and without MLD, as no evidence was found that the mathematical or 
cognitive profiles of different subgroups of MLD are different from TD. To elucidate, 
individual variation between children appears to be substantial, and does not 
seem to be captured well by assignment into binary groups. Instead, it seems to be 
more sensible to view learning as a multidimensional construct, wherein skills 
such as mathematics can be placed on  a continuum that ranges from the lowest to 
the highest observable performance on mathematics. Such a continuum would 
most likely follow the shape of a normal distribution, with most children centered 
around the mean, and fewer children near the lowest and highest extremes of the 
distribution. Indeed, math performance is typically normally distributed. Two 
groups can, however, only be separated on a continuous scale based on arbitrary 
agreements. A consequence of employing this approach, is that criteria for 
diagnosing MLD in clinical practice (e.g., 1.5 SD below the mean; APA, 2013) are 
based upon agreements made in research, which means that there is a very fine 
line between being diagnosed with MLD and low-achieving TD. Indeed, placing a 
label such as MLD on the weakest group does not mean that there is a clear 
identifiable characteristic for the math difficulties that distinguishes MLD from 
low-achieving TD. These children perform weaker on mathematics and associated 
cognitive skills compared with others (Geary et al., 2009; Geary et al., 2012a; 
Zhang et al., 2020), but lower achievement does not reflect a disability per se. 
Hence, it does not seem feasible to claim that children with MLD are different 
from (low-achieving) TD children. Studies that attempted to distinguish between 
MLD and TD—instead of differentiating the weak from the even weaker—were 
unable to do so. For example, Geary et al. (2012b) used model-based clustering (an 
analysis technique similar to the latent profile analysis as used in the present 
dissertation), but failed to identify distinct groups of MLD and low-achieving TD. 
Thus, it can be argued that making a distinction between children’s math 
performance on a continuous scale is more meaningful than distinguishing 
between two groups that are separated using an arbitrary cut-off score. 
Development of MLD Contrasted to TD
Regarding the development of math skills in children with MLD and TD children, 
Chapter 4 confirmed previous findings in the literature that some children show 
less progress from fourth to fifth grade than others: Even though children with 
math difficulties managed to grow, they continued to exhibit weaker performance 
compared with TD peers. For instance, Andersson (2010) found that math 




to 13-year-olds, but children who started behind generally stayed behind. A profile 
of unique math deficiencies that differentiates MLD from TD thus was not detected 
in fourth grade in the present dissertation, which raises the question whether 
their lack of growth to the end of fifth grade can be attributed to variability in 
related cognitive profiles. 
 Seminal work by Geary (2011), Butterworth (2008; 2011), and others (see e.g., 
Swanson & Jerman, 2006 for a meta-analysis) describes MLD as a behavioral 
outcome of a distorted cognitive developmental process. It is assumed in those 
studies that children with MLD show specific cognitive deficits that can be related 
to their delay in developing proficiency in mathematics. Following such an 
approach, one would assume that a particular (profile of) cognitive deficit(s) that is 
inherently different from the cognitive profile of TD children would predict the 
development of MLD. Indeed, previous research has pointed out that at group level 
(but not necessarily at individual level) performance on cognitive skills such as 
number sense (Schwenk et al., 2017), working memory (Passolunghi & Siegel, 
2004), phonological processing (Landerl et al., 2009), and nonverbal reasoning 
(Vukovic et al., 2014) is weaker in children with MLD compared with low-achieving 
TD children, but it may not be possible to distinguish children with MLD from 
low-achieving TD peers by a unique set of cognitive skills. This finding corresponds 
with a longitudinal study from kindergarten to fourth grade wherein it was 
argued that math deficiencies are too heterogeneous to distinguish subgroups 
(Geary et al., 2012b). Combined with the findings in Chapter 4, which indicated 
that children with MLD mostly relied on the same cognitive mechanisms as TD 
children for math development from fourth to fifth grade, it seems evident that 
weak math performance cannot be categorized into a disorder that is inherently 
different from typical achievement based on cognitive skills either. Zhang and 
colleagues (2018) have drawn similar conclusions, and state that children with 
MLD and low-achieving TD children in the domain of mathematics show 
weaknesses in the same set of cognitive skills. 
Variation in Mathematics Revisited: A Multifactorial 
Model of MLD
Because children with MLD do not show different patterns of math development 
and of the cognitive mechanisms that facilitate this development that can 
distinguish them from TD children, neither mathematical profiles nor cognitive 
profiles appear to be suitable to divide children with weaker math performance 
into distinguishable groups. When following the individual differences perspective 
instead (Dowker, 2015), mathematical proficiency for one child may be explained 
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by a different set of cognitive skills compared with another child, independently 
of which group they are assigned to.  
 Then again, the fact remains that children who score below average on any of 
those cognitive skills are at risk for developing difficulties in mathematics (Camp 
et al., 2012). Likewise, children with strong cognitive skills generally do not 
develop math difficulties unless other risk factors are in play. For instance, a child 
can score above average on all cognitive measures, but still perform slowly on 
timed arithmetic tasks. A plausible explanation could be that this child experiences 
math anxiety when confronted with such tasks (Devine et al., 2018), which severely 
decreases his reaction time (Tsui & Mazzocco, 2006). This example illustrates that 
numerous factors (apart from the cognitive skills included in the present 
dissertation) can be involved in math weaknesses. Maybe the question ‘what causes 
MLD?’ is less relevant than the question ‘how to support children with math 
difficulties?’, because the mechanisms associated to developing MLD are not the 
same for all children. As shown in Chapter 2, it seems plausible that there are 
multiple pathways, or combinations of predictors, in the development of 
mathematics (cf. Pennington, 2006), and that each child has its own unique skillset 
that aids or hampers their academic performance (cf. Dowker, 2015).
 In a similar vein, the data presented in Chapter 2 showed that compensation 
to suboptimal circumstances (e.g., underdeveloped number sense) seems possible 
for low-achievers through interrelated cognitive mechanisms (e.g., rapid naming 
strength). It is likely that this phenomenon does not only apply to cognitive skills, 
but could for example be extended to metacognitive skills, because children can 
alternate between strategies and evaluate what went wrong during problem 
solving processes by displaying great metacognitive skills (Vula et al., 2017). 
Although this might be an oversimplified example, it does show that the 
consequences of cognitive risk factors for mathematical difficulties might be 
reduced through compensatory protective factors. It thus seems unfeasible to 
think about mathematics performance as a singular cause-effect relation wherein 
one (or few) core deficit causes math difficulties. 
 This calls for an extension of the Multiple Deficit Model (MDM) by Pennington 
(2006). Learning difficulties do not only result from (cognitive) weaknesses as 
claimed in the MDM, but co-exist with strengths in other (cognitive) skills. 
A recent reassessment of the MDM has emphasized that research on learning 
difficulties should also explicitly incorporate protective factors (McGrath et al., 
2020). Individual variation in math development thus seems to be manifested in 
compensatory cognitive strengths in addition to cognitive weaknesses, which is 
exactly what has been found in the present dissertation. 
 In Figure 5.1, an extended version of the original MDM by Pennington (2006) 




strengths as relevant cognitive processes in the route from gene-environment 
interactions to neural systems to behavior such as learning difficulties. As the 
emphasis of the present dissertation is on cognitive and academic (or behavioral) 
processes, the lower part of the model will be explained further. The interested 
reader is referred to Pennington (2006) and McGrath et al. (2020) for a more detailed 
description on gene-environment interactions and neural systems. Specific 
combinations of cognitive weaknesses and strengths can result into a specific 
learning difficulty. For instance, a child with a number sense deficit and strong 
rapid naming skills is at risk for developing MLD. However, the same set of cognitive 
skills could result in developing RLD in another child. When both cognitive skills 
are deficient, and a child has few strengths to rely on, chances increase that this 
child will experience comorbid mathematical and reading learning difficulties. 
Or, in the words of Pennignton (2006, p. 404): “Each individual disorder would 
each have its own profile of risk factors (both etiologic and cognitive), with some of 
these factors being shared by another disorder, resulting in comorbidity”. Based on 
the results from Chapter 2, it is likely that an overlap in protective cognitive factors 
can be shared between mathematics and reading as well.  
 Individual variation in mathematics achievement thus is at least partly 
explained by cognitive processes in the MDM, and these processes in turn can be 
explained by neural systems and gene-environment interactions. However, other 
child characteristics such as affective skills, and direct effects of environmental 
Figure 5.1. Overview of the original Multiple Deficit Model by Pennington (2006) (left panel), 
and extended multifactorial model based on the present dissertation (right panel). G x E = 
gene-environment interactions.
G x E G x E













factors such as education at home or at school—which seem to be inferior in this 
model—might be as important as cognitive processes. A model that has incorporated 
those features is the Opportunity-Propensity Model (O-P Model; originally 
developed by Byrnes & Miller, 2007; 2016; and adapted for mathematics by Baten & 
Desoete, 2017; 2018). In this model, opportunities represent the chances a child 
has within its environment, for example the number of hours spent per week on 
mathematics instruction by the teacher, whereas propensities refer to a child’s 
intrinsic abilities and characteristics such as motivation and personality. 
Antecedent variables such as socioeconomic status are recognized as well. The O-P 
Model is broader in that respect than the MDM, and provides a great opening for 
future research on protective factors in the development of mathematics.
General Reflections and Directions for Future Research
The results of the current dissertation give rise to a number of general reflections. 
First, the aim of this dissertation initially was to find out how children with MLD 
differ from TD children other than in terms of their math performance. More 
specifically, the question was raised whether the cognitive skills that support 
math performance also differ among both groups of children. It turned out that 
children with MLD are not so different from TD children, and that both groups on 
average rely on similar cognitive mechanisms when learning mathematics. 
Number sense, working memory, nonverbal reasoning, and phonological processing 
all are to some extent related to mathematics in most children, whether examined 
in a group of children with a learning difficulty or not. However, our results 
suggested that not every child with weak math performance has the same cognitive 
profile. While the aforementioned cognitive skills may be related to mathematics 
for the group of MLD as a whole, individual children seem to need different 
cognitive mechanisms to reach some level of proficiency in mathematics. For 
example, one child’s number sense skills may be very weak, which is why he uses 
more working memory resources when solving math tasks. In contrast, another 
child might rely more on nonverbal reasoning because of his working memory 
deficits et cetera. Thus, instead of answering the question how children with MLD 
differ from TD children (apart from their diverging math abilities), along the way 
of writing this dissertation it turned out that the cognitive mechanisms involved 
in mathematics of these children are not so different. Instead individual variation 
among primary school children appeared to be substantial, which is why an 
individual differences perspective is recommended when investigating children 
with learning difficulties. Maybe the differences between two (or more) groups of 




instead of investigating differences and similarities between MLD and TD, future 
research should emphasize the differences and—more likely—the similarities in 
the educational needs of individual children.
 If the cognitive skills included in the present dissertation are not as distinctive 
as expected (i.e., the present dissertation has shown that each child with or without 
MLD needs the same skill-set, although they vary in which skills they rely on the 
most), the question of how children can best be taught to become proficient in 
mathematics is raised. Mapping a profile of an individual child’s strengths and 
weaknesses in mathematics and related skills such as reading and cognition may 
seem promising in that respect, but is not easily integrated into treatment 
programs for MLD. Therefore, environmental factors such as education probably 
offer the best potential to decrease differences between children’s math skills. The 
emphasis of research to MLD could shift from the identification of cognitive factors 
related to the differences between children, and instead focus on the tools that 
help children with different levels of proficiency to learn mathematics. Potential 
questions in this regard could for instance be what type of instruction works best 
for those children; which (digital) methods aid the development of math skills; 
and which degree of differentiation is desirable. Research outside the classroom 
could further identify the elements that improve implicit learning at home; and 
how the school board and the nation’s government can facilitate learning 
mathematics.
 A second point worthy of consideration is the binary definition for MLD in 
scientific research that needs reconsideration. Commonly used methodological 
and statistical techniques aid differentiation between MLD and TD as if they are 
two separate categories, but choices regarding sample selection are often 
ambiguous. This could have resulted in inconsistent conclusions across studies 
regarding the academic and cognitive profile of MLD, and may have impeded the 
generalizability across empirical studies (Murphy et al., 2007). It should be 
acknowledged that the use of such a binary approach applies in a certain way to 
the present dissertation as well. After all, Chapters 2 and 4 also started from 
a-priori, dichotomous definitions of MLD, and Chapter 3 and 4 aimed specifically 
to search for profiles or subtypes of MLD. The data reported here show that groups 
based on traditional definitions for MLD and TD are not as different as has been 
proposed in previous research, which brings us back to the recognition of 
individual variation in children with MLD. The empirical studies in this 
dissertation therefore contribute to the accumulating data (e.g., Geary et al., 
2012a; Landerl, 2013; Peters & Ansari, 2019) that invalidate the binary distinction 
of having learning disabilities or not. A more elegant perspective on developmental 
disabilities is the dimensional approach that views mathematics performance on 
a continuous scale (Hudziak et al., 2007; Moll et al., 2014), wherein some people 
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perform somewhat better on this scale than others. The lowest range of weak 
performance on such a continuous scale would then be defined as MLD, preferably 
in interaction with one’s profile of (cognitive) skills associated to the math 
difficulties. This dimensional approach to learning difficulties is different from a 
binary approach, because it is not based on one (set of) skill(s) or characteristic(s) 
that defines whether one has MLD or not. Instead, it does justice to the complexity 
of a skill such as mathematics by taking into account the large amount of 
individual variability within people. When conducting research on learning 
difficulties, one should therefore be aware that although a definition like MLD can 
be used to describe the lowest-achieving group, not every individual within that 
group will have the same characteristics, because of the considerable amount of 
individual variation within the mechanisms associated with each child’s math 
performance. In light of these reflections, future research on MLD ideally focuses 
on a variety of both strengths and weaknesses related to mathematics in line with 
the multifactorial model as proposed in the present dissertation, as well as 
environmental risk or protective factors, to gain a comprehensive understanding 
of the development of MLD both at the group and the individual level. 
 In addition, the way MLD is currently being diagnosed in clinical practice 
appears to be somewhat ambiguous as well. Diagnostic criteria have been described 
in widespread manuals, but these are based on a descriptive behavioral pattern 
only: Severe, persistent, and specific difficulties with learning mathematics. This 
descriptive diagnosis does not indicate possible causes that may have induced the 
learning problem for individuals with MLD, and discrepancies in the definition of 
MLD between research and clinical practice exist. The scientific basis for the way 
MLD is currently being diagnosed is quite weak (Peters & Ansari, 2019), and does 
not differentiate sufficiently between children as appeared from Chapter 4 and 
our recent meta-analysis (Kroesbergen et al., 2020). This may have impeded the 
development of successful prevention and remediation programs for clinical 
practice. Abilities related to mathematics such as reading and cognition should 
not be overlooked in clinical practice either, and it is therefore advised that future 
research to interventions for math difficulties emphasizes a broad spectrum of 
strengths and weaknesses related to mathematics, again in line with the 
multifactorial model and Opportunity-Propensity Model (Byrnes & Miller, 2007; 
Baten & Desoete, 2018) as described in the present dissertation, to utilize the full 
potential of a child.
 A third and final consideration is the tension between desirability and 
feasibility of an individual variation perspective within primary schools. Although 
the present dissertation has suggested that such an approach would be beneficial 
to the children (i.e., desirable), the question arises whether teachers and other 




money) to implement an individual variation approach in the near future (i.e., 
feasible). Moreover, the question rises how desirable it is to regard every child 
within the classroom as an individual. Each child has to achieve the same curric-
ulum-based goals at the end of primary education, so they must participate in 
instruction together as much as possible. Differences in the educational needs of 
children with weaker math performance as opposed to children with average 
math performance probably are more quantitative in nature than they are 
qualitative. To elaborate, these children may need more instruction time, but the 
way they are being taught mathematics could best be unified. Future research 
should investigate how teachers can best be supported in employing differentia-
tion after instruction to give each child the challenge and support they need. 
Other approaches, such as peer-assisted learning wherein stronger learners 
collaborate with weaker learners, have also shown promising results (Fuchs et al., 
2019). In this way, policy makers and school principals can be assisted to make 
informed decisions about best practices on the implementation of an individual 
differences perspective.
Conclusions and Practical Implications
To conclude, this dissertation has revealed three important aspects for researchers 
and educational professionals in the field of primary school mathematics. First, 
children with cognitive weaknesses are able to compensate with related cognitive 
strengths to partly overcome their learning difficulties and reach a relatively 
higher level of math proficiency. Therefore, more attention should be paid to 
children’s individual profiles of cognitive strengths and weaknesses when 
designing prevention and remediation programs, and maybe even for general 
instruction. Second, intra-individual variation within children with weak math 
performance is at least as large as inter-individual variation with average- to 
high-achieving children. Therefore, instead of viewing mathematics as a uni-
dimensional construct on which children generally perform weak (or strong), 
children’s arithmetic fact retrieval skills as well as their problem solving skills 
should be taken into account when assessing their performance on mathematics. 
Third, children with low initial levels of math performance used the same 
cognitive mechanisms for math development as average- to high-achieving 
children. The degree of seriousness of the math difficulties in the low-achieving 
group did not result in different developmental patterns. Children with weak 
math performance thus seem to be more alike to children with stronger math 
abilities than has often been assumed. Therefore, it would be recommended to 
assess mathematics performance from a dimensional perspective instead of 
viewing MLD or dyscalculia as a discrete disorder. 
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 Hence, researchers and educational professionals in the field of primary 
school mathematics should move away from their existing frameworks of learning 
that views the worst performance on a continuous scale as a learning difficulty 
(e.g., a discrete group that is intrinsically different from children that belong to 
another group). Researchers have traditionally compared group averages of 
children with different levels of math performance, and once a child has been 
identified as learning disabled, teacher expectations and learning goals are 
generally adjusted downwards for those children (Schmeier, 2019). However, as 
the mathematical and cognitive profiles of children with weak math performance 
are quite similar to those of average- to high-achieving children, all children will 
most probably benefit from the same education within the classroom. The children 
at the lowest end of the continuum may need some extra guidance and time (i.e., 
extended instruction) in small, heterogeneous groups regarding topics they do 
not master yet (Schmeier, 2019). This could entail increased practicing with 
automatizing arithmetic operations, or systematically writing down intermediate 
steps when solving complex math problems (Gelderblom, 2010; Ruijssenaars et al., 
2021). Only when their unique profiles of strengths and weaknesses are being 
acknowledged, will all children (also those at the higher end of the mathematics 
continuum) receive high-quality education, and will they subsequently have more 
potential to meet their countries’ national requirements for mathematics (Vaughn, 
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Aanleiding van het onderzoek
Basisschoolleerlingen variëren sterk in hun academische competenties. Waar de 
ene leerling goed is in rekenen, heeft de ander er veel moeite mee. Tegen mogelijke 
stoornissen die bij het rekenen kunnen optreden, wordt vaak binair aangekeken: 
er is óf wel óf geen sprake van een stoornis. De vraag die in het huidige proefschrift 
echter centraal staat, is hoe verschillend leerlingen met een rekenstoornis (of 
dyscalculie) en leerlingen zonder rekenstoornis (dus met een reguliere ontwikkeling) 
nou eigenlijk zijn. Logischerwijs verschillen zij wat betreft het niveau van reken-
vaardigheid. Daarnaast heeft voorgaand onderzoek aangetoond dat leerlingen 
met een rekenstoornis gemiddeld gezien lager scoren op gerelateerde cognitieve 
vaardigheden (e.g., Geary et al., 2012b). Uit voorgaand onderzoek is echter nog niet 
gebleken in hoeverre het cognitief profiel onderliggend aan die rekenvaardigheid 
ook daadwerkelijk verschilt. Oftewel, doen leerlingen met een rekenstoornis 
beroep op een ánder profiel aan vaardigheden om tot rekenen te komen; is er meer 
aan de hand dan ‘slechts’ zwakkere cognitieve vaardigheden?
De ontwikkeling van rekenvaardigheid in het primair onderwijs
Rekenen in het primair onderwijs bestaat uit drie stadia, namelijk voorbereidend, 
aanvankelijk en voortgezet rekenen. Al voordat kinderen naar school gaan, doen 
ze veel ervaring op met getallen en hoeveelheden in het dagelijks leven. Vanaf de 
kleutergroepen komen leerlingen bewust in aanraking met voorbereidende reken-
activiteiten zoals getalbegrip en oriëntatie in tijd en ruimte. In groep 3 begint het 
aanvankelijk rekenen met de basisbewerkingen. Eerst optellen en aftrekken tot 10 
en daarna ook over het tiental tot 20. In groep 4 en 5 komen ook de keer- en 
deelsommen aan bod en breidt het getalbereik van de basisbewerkingen zich 
verder uit. Vanaf groep 4 is er sprake van voortgezet rekenen in de domeinen van 
reken-wiskunde, te weten ‘getallen’, ‘verhoudingen’, ‘meten en meetkunde’ en 
‘verbanden’. Elk stadium is voorwaardelijk voor het volgende stadium, wat betekent 
dat de vaardigheden uit eerdere stadia voldoende beheerst zouden moeten zijn 
voordat een leerling de stap kan maken naar het voortgezet rekenen. De nadruk 
van het huidige proefschrift ligt op het rekenen in de groepen 6 en 7, omdat in 
deze leerjaren de principes van de basisbewerkingen worden toegepast in de 
domeinen van reken-wiskunde (Ministerie OCW, 2009). 
 Leerlingen kunnen sterk verschillen in hun beheersing van de basisbewerkingen 
en reken-wiskunde. Dit kan deels verklaard worden door cognitieve factoren die 
gerelateerd zijn aan het rekenen. Ten eerste stelt number sense leerlingen in staat om 
getallen en hoeveelheden met elkaar te vergelijken en te plaatsen op een (mentale) 
getallenlijn, waardoor vervolgens berekeningen met deze getallen uitgevoerd 
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kunnen worden (Geary, 2011b). Ten tweede is het werkgeheugen betrokken bij het 
opslaan, verwerken en ophalen van numerieke informatie en deze vaardigheid 
ondersteunt leerlingen onder andere bij het stapsgewijs oplossen van rekenopgaven 
(Passolunghi, & Siegel, 2004). Ten derde maakt non-verbaal redeneren, of intelligentie, 
het mogelijk voor leerlingen om logica in te zetten en alternatieve oplossing-
(procedures) af te wegen (Stock et al., 2009). Ten slotte zijn fonologische vaardigheden, 
waaronder het fonologisch bewustzijn en benoemsnelheid, betrokken bij het 
rekenen door herkenning en verwerking van rekenfeiten (Simmons, & Singleton, 
2008). Sterkere cognitieve vaardigheden houden verband met sterkere rekenvaar-
digheid. Hieruit volgt logischerwijs dat een tekort in één of meerdere van deze 
cognitieve factoren tot gevolg kan hebben dat een leerling rekenstoornissen 
ontwikkelt. 
Als het rekenen niet lukt
Rekenstoornissen worden in dit proefschrift gedefinieerd als problemen met het 
leren, oproepen en toepassen van reken-wiskundekennis (Ruijssenaars e.a., 2021). 
Deze problemen kunnen zich uiten in de basisbewerkingen, in reken-wiskunde, of 
in een combinatie van beide (Andersson, 2010; Beaton et al., 1996). Het lijkt er dus 
op dat rekenstoornissen verschillende uitingsvormen kunnen hebben, oftewel er 
is sprake van heterogeniteit. Toch is er een aantal factoren die bij veel leerlingen 
met grote waarschijnlijkheid de leerstoornis kunnen verklaren, zoals een tekort 
in de hiervoor besproken cognitieve vaardigheden. Wat echter opvalt in de definitie 
van rekenstoornissen is dat deze gebaseerd is op gedrag, namelijk een tekort in 
rekenvaardigheid. De stoornis leidt dus niet tot een probleem met leren, maar is 
het probleem met leren. Over oorzaken van een rekenstoornis wordt niet gerept in 
deze definitie.
 De heterogeniteit van rekenstoornissen kan mogelijk verklaard worden door 
discrepanties in de definities zoals die gebruikt worden in wetenschappelijk onder- 
zoek en in de klinische praktijk. Ook binnen wetenschappelijke studies worden 
niet zelden verschillende definities gehanteerd. Binnen de diagnostiek worden de 
criteria ernst, hardnekkigheid en specificiteit gebruikt voor rekenstoornissen of 
dyscalculie (APA, 2013; Ruijssenaars et al., 2021). Met het criterium ernst wordt 
bedoeld dat de leerling een significante leerachterstand heeft ten opzichte van 
leeftijdsgenoten, namelijk een rekenscore binnen de laagste 10% van zijn cohort. 
Hardnekkigheid wijst op de duur van de rekenstoornis, namelijk tenminste 
6 maanden, ondanks goed onderwijs en gerichte interventies die ingezet zijn om 
het probleem te verhelpen. Specificiteit geeft aan dat de leerstoornis niet  het gevolg 
mag zijn van bijvoorbeeld verstandelijke- of somatische beperkingen, inadequaat 
onderwijs of een gebrekkige beheersing van de instructietaal. In de wetenschappelijke 
literatuur worden deze criteria meestal wat minder strikt toegepast, vanwege het 
samenvatting (summary)
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argument dat dit leidt tot meer power door grotere steekproeven. Tegelijkertijd 
worden daar weleens de volgende criteria aan toegevoegd: een discrepantie tussen de 
intelligentie en leerprestaties (Fletcher et al., 1998) en een kerntekort in number 
sense (Butterworth et al., 2011; Dehaene, 1993), met telkens als doel om meer 
homogene onderzoeksgroepen te selecteren.
 Uit deze beschrijving van rekenstoornissen volgt dat de manier waarop in de 
wetenschap en klinische praktijk wordt omgegaan met rekenstoornissen behoorlijk 
eenzijdig lijkt te zijn. Ten eerste wordt er voornamelijk gekeken naar de zwaktes 
van een leerling, wat de vraag oproept of een leerling met een rekenstoornis geen 
sterke kanten heeft of kan hebben. Ten tweede worden leerlingen met een 
rekenstoornis beschouwd als één groep die per definitie anders is dan leerlingen 
zonder rekenstoornis. Dit roept de vraag op of leerlingen met een rekenstoornis 
allemaal dezelfde kenmerken vertonen en daarnaast of de kenmerken van deze 
leerlingen—afgezien van het verschil in rekenvaardigheid—wel zo anders zijn dan 
die van leerlingen zonder rekenstoornis. Ten slotte lijkt de factor tijd een 
belangrijke rol te spelen, terwijl longitudinaal onderzoek naar de ontwikkeling 
van rekenstoornissen beperkt is.
De belangrijkste resultaten op een rij
 Compensatie is mogelijk. Uit Hoofdstuk 2 is gebleken dat er verschillende 
routes met verschillende cognitieve profielen zijn om tot rekenvaardigheid te 
komen. Een leerling met een specifieke rekenstoornis is in staat om met relatief 
sterkere cognitieve vaardigheden te compenseren voor relatief zwakkere cognitieve 
vaardigheden. Zo bleken leerlingen met een zwakke number sense en een sterke 
benoemsnelheid relatief beter te presteren op reken-wiskunde dan hun peers met 
een zwakke number sense en additionele zwakke benoemsnelheid. Leerlingen met 
een co-morbide leerstoornis aangaande rekenen en lezen, bleken echter niet in 
staat te zijn om te compenseren met de cognities uit het huidige onderzoek, omdat 
zij over de hele linie zwak scoren in vergelijking met leerlingen met een specifieke 
leerstoornis en leerlingen met een reguliere ontwikkeling. Om die reden zou 
idealiter per leerling een sterkte-zwakte profiel moeten worden bepaald om beter 
in te spelen op de onderwijsbehoefte van leerlingen met rekenstoornissen (Dowker, 
2015).
 Individuele verschillen zijn groot. De resultaten uit Hoofdstuk 3 hebben 
aangetoond dat de individuele verschillen in rekenvaardigheid en gerelateerde 
cognities groter zijn binnen leerlingen met rekenstoornissen vergeleken met de 
groepsverschillen tussen leerlingen met rekenstoornissen en leerlingen met een 
reguliere ontwikkeling. Leerlingen met rekenstoornissen hebben namelijk niet 
allemaal dezelfde stoornissen met de basisbewerkingen en/of het reken-wiskunde. 
Daarnaast verschillen zij in de cognitieve tekorten die gerelateerd zijn aan de re-
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kenstoornissen. Op basis van de data van het huidige onderzoek was het niet 
mogelijk om hen in zinvolle, onderscheidende profielen of subtypen in te delen. 
Tegelijkertijd is elk van de cognitieve vaardigheden uit het huidige onderzoek 
natuurlijk wel betrokken bij de rekenontwikkeling, zowel bij leerlingen met een 
rekenstoornis als bij leerlingen met een reguliere ontwikkeling. Daarom is het bij 
(een vermoeden van) eventuele rekenstoornissen belangrijk om per individu in 
kaart te brengen waar de stoornissen zich manifesteren en daar vervolgens het 
onderwijsaanbod op af te stemmen (Salvador et al., 2019).
 Ontwikkeling rekenvaardigheid blijft achter. Leerlingen met een rekenstoornis 
starten vanzelfsprekend met een lager niveau van rekenvaardigheid vergeleken 
met leerlingen zonder rekenstoornis. Uit Hoofdstuk 4 kwam naar voren dat de 
ontwikkeling van rekenvaardigheid van midden groep 6 tot eind groep 7 tevens 
trager blijkt te verlopen, met name op de domeinen ‘verhoudingen’ en ‘meten en 
meetkunde’. Het verschil in rekenontwikkeling bleek met name verklaard te 
kunnen worden door zwakkere vaardigheden wat betreft de basisbewerkingen en 
het non-verbaal redeneren bij leerlingen met een rekenstoornis. Andere cognitieve 
voorspellers van rekenvaardigheid verschilden niet bij leerlingen met en zonder 
rekenstoornis. Dit betekent dat leerlingen met rekenstoornis grotendeels dezelfde 
cognitieve vaardigheden nodig hebben om tot rekenen te komen als leerlingen 
zonder rekenstoornis. Het opdoen van reken-wiskundige vaardigheid wordt dus 
voornamelijk belemmerd wanneer het een leerling ontbreekt aan de basisvaardig-
heden en logisch redeneervermogen, wat impliceert dat in preventie en remediëring 
voornamelijk op die vaardigheden ingezet zou moeten worden (zie ook Vaughn, & 
Fuchs, 2003). 
  Strengere criteria leiden niet tot subtypen. In het gehele proefschrift zijn 
rekenstoornissen gedefinieerd als de zwakste 25% op één meetmoment op de CITO 
toets Rekenen-Wiskunde. Dit is een relatief ruime definitie wanneer afgegaan 
wordt op de prevalentie van dyscalculie die rond de 5% ligt (Murphy et al., 2007). 
In Hoofdstuk 4 is er daarom voor gekozen om af te sluiten met een vergelijking 
tussen deze ruimere definitie van rekenstoornissen en strengere criteria, waaronder 
de zwakste 10% en persistentie van de rekenproblematiek gedurende meerdere 
meetmomenten. Naar aanleiding van deze vergelijking kwam naar voren dat de 
reken- en cognitieve profielen bij de ruime en strenge definitie niet dermate van 
elkaar verschilden dat we het over een kwalitatief andere groep kunnen hebben. 
Vandaar dat wetenschappelijk onderzoek naar rekenstoornissen vooral transparant 
zou moeten zijn over welke criteria gehanteerd zijn en dat in de klinische praktijk 
verder gekeken zou moeten worden dan de leerlingen die net wel of net niet aan 




Dit proefschrift heeft laten zien dat de individuele variatie bij leerlingen met en 
zonder rekenstoornissen groot is. Voor het onderzoeksveld is het daarom aan te 
raden om bij onderzoek naar leerstoornissen meer rekening te houden met 
individuele verschillen. Tegelijkertijd is naar voren gekomen dat de cognitieve 
vaardigheden uit het huidige onderzoek zowel voor leerlingen met als zonder 
rekenstoornis essentieel zijn en dat leerlingen met een rekenstoornis geen 
kenmerkend cognitief profiel hebben dat hen onderscheid van leerlingen zonder 
rekenstoornis. Een belangrijke implicatie hiervan is dat de vraag ‘Hoe verschillend 
zijn de cognitieve profielen van leerlingen met en zonder rekenstoornis?’ wellicht 
niet zo relevant is als de vraag ‘In hoeverre zijn de onderwijsbehoeften van deze 
leerlingen anders?’ en ‘Welke middelen zijn er om leerlingen met verschillende 
niveaus van rekenvaardigheid te leren rekenen?’. Dit vraagt om een verschuiving 
van een nadruk op oorzaak naar oplossing.
 Aansluitend blijkt uit dit proefschrift dat er een enorm grijs gebied ligt tussen 
het wel of niet ‘hebben’ van een leerstoornis. In plaats van het hanteren van een 
binair onderscheidt (wel versus geen rekenstoornis), is een meer elegante aanpak 
de dimensionele benadering (Hudziak et al., 2007; Moll et al., 2014) waarbij reken-
vaardigheid wordt beschouwd op een continue schaal. De meesten zullen het er 
mee eens zijn dat rekenvaardigheid een continu construct is, maar toch wordt in 
onderzoek vaak teruggegrepen naar het categoriseren van een leerstoornis. De 
implicatie van dit proefschrift is dus bewustwording aangaande het maken van 
keuzes in het voordeel van de onderzoekspopulatie.
Implicaties voor de praktijk
Tot slot roept dit proefschrift waarschijnlijk de vraag bij de lezer op hoe wenselijk 
het is om leerlingen in een klas als individu te behandelen. Alle leerlingen moeten 
immers dezelfde minimale referentieniveaus hebben bereikt wanneer zij de 
basisschool verlaten. Om die reden heeft het de voorkeur om alle leerlingen zo 
lang mogelijk in gezamenlijkheid aan instructie te laten deelnemen, zodat iedere 
leerling dezelfde kerndoelen weet te behalen. Wanneer een leerling uitvalt, biedt 
verlengde instructie de soelaas om hen toch bij de rest van de klas te houden. Daar 
zit gelijk het heikel punt, want wanneer een leerling eenmaal in het groepje 
verlengde instructie terecht komt, is het onwaarschijnlijk dat deze leerling hier 
weer uit komt.  In plaats van te kijken waar de rekenstoornis zich manifesteert 
(bijvoorbeeld vlot rekenen versus inzicht, of in het domein verhoudingen versus 
meten en meetkunde) en rekening te houden met de sterke punten van een 
leerling, wordt een leerling bestempeld als rekenzwak en is er van adaptiviteit 
geen sprake meer. Hieruit volgt de belangrijke implicatie voor de praktijk om meer 
uit te gaan van de zwakke én sterke kanten van een leerling en bij voorkeur per 





Het PhD-project waar het huidige proefschrift op is gebaseerd, vertrok oorspronkelijk 
uit het idee om voorspellers van rekenstoornissen in kaart te brengen. Het doel 
was in eerste instantie om op zoek te gaan naar subtypen van rekenstoornissen. 
Inmiddels blijkt dat ook mijn (co-) promotoren en ik ons destijds schuldig maakten 
aan de binaire kijk op leerstoornissen. Daarom is het zwaartepunt van dit proefschrift 
verschoven naar de vraag of het überhaupt mogelijk is om een cognitief profiel te 
identificeren dat leerlingen met een rekenstoornis onderscheidt van leerlingen 
met een reguliere ontwikkeling. Ruim drie jaar later ligt hier het resultaat. 
De kansen en mogelijkheden die ik heb gekregen om onderzoek te doen naar 
dit fascinerende onderwerp waardeer ik enorm. Daarom wil ik hier graag de 
ruimte nemen om een aantal collegae, vrienden en familie daar in het bijzonder 
voor te bedanken.
Te beginnen met Evelyn en Tijs, promotor en co-promotor. Zonder jullie was dit 
proefschrift en alles eromheen natuurlijk nooit geweest wat het is geworden. 
Het was niet altijd het makkelijkste project. Wat was het bijvoorbeeld handig 
geweest als we in ons eerste artikel duidelijke subtypen van MLD hadden gevonden 
en vervolgens voor hen de groeipatronen in kaart hadden kunnen brengen in een 
opvolgend longitudinaal paper. Het mocht niet zo zijn: blijkbaar (en dat wisten we 
misschien eigenlijk al wel) is de realiteit complexer dan onze statistische modellen 
kunnen vangen en zijn leerlingen simpelweg te verschillend van elkaar om ze op 
één hoop te kunnen gooien. Gelukkig hoeft een PhD-project niet makkelijk te zijn. 
Sterker nog, ik had het niet anders gewild. Doordat jullie mij zijn blijven uitdagen 
hebben we het samen voor elkaar gekregen om buiten de gebaande paden te treden. 
Wat naar mijn bescheiden mening tot een prachtig eindresultaat heeft geleid! 
Evelyn, daar wil ik graag aan toevoegen dat ik zo’n bewondering heb voor jouw 
eindeloze, vaak wilde ideeën. Ik ken weinig mensen die zo ‘out of the box’ kunnen 
denken als jij. Dat maakt onderzoek doen met jou niet altijd eenvoudig, want 
‘waarom makkelijk doen als het ook moeilijk kan’. Tegelijkertijd levert nou juist 
die aanpak wel de meest innovatieve inzichten op. En daar draait het toch 
uiteindelijk allemaal om. Ik heb veel respect voor jouw loopbaan. Jij gedijt het best 
wanneer je (te) veel te doen hebt. Niet voor niets heb jij het geschopt tot vice-decaan 
onderwijs, wauw! Maar hoe druk je ook bent, jij maakt altijd tijd voor een praatje 
waarin het ook echt ergens over gaat. Toen we nog in het Spinozagebouw werkten, 
galmde jouw gulle lach regelmatig over de gang en dat brengt volgens mij een 
(iets bescheidere) glimlach op ieders gezicht. Als we iets hebben geleerd van al 
dat thuiswerken van de afgelopen tijd, is het wel dat die korte gesprekjes bij het 
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koffieapparaat veel waard zijn. Natuurlijk omdat het een persoonlijk aspect aan 
ons werk toevoegt, maar ook omdat daar nieuwe ideeën ontstaan. 
Tijs, ik vind het knap hoe jij telkens weer de nodige structuur wist aan te brengen. 
Dan heb ik het niet alleen over onze artikelen waarin jij de redeneerlijn steeds 
weer helder wist te krijgen, maar zeker ook over onze overleggen. Nog hoor ik je 
zeggen als we weer eens op een zijspoor terecht zijn gekomen: “even terug, wat is 
nu precies de onderzoeksvraag” of “dus wat is nou de belangrijkste conclusie?”. 
Het hielp ontzettend om dat eerst scherp te hebben, voordat we weer in gezamen-
lijkheid verder kunnen redeneren. Wat je misschien niet weet, is dat ik jouw 
publicaties vaak als voorbeeld heb gebruikt. Jouw systematische aanpak is een 
waardevol voorbeeld voor iedereen. Ook heb jij mijn woordenschat enorm uitgebreid. 
Dan heb ik het niet alleen over academische termen, maar ook over belangrijke 
Brabantse begrippen zoals sleurhut. Tot slot zie ik jou op persoonlijk terrein als 
een voorbeeld, want je bent oprecht begaan met je collega’s en als iemand in staat 
is om zijn werk te combineren met zijn gezin, dan ben jij het wel!
Evelyn en Tijs, soms leken jullie wel twee uitersten en dat leverde nogal eens de 
nodige inhoudelijk discussies op. Eerlijk is eerlijk, in het begin kon dat best wel 
overweldigend zijn, maar gaandeweg wist ik daar steeds meer mijn plekje in te 
vinden én heb ik geleerd dat juist dit soort discussies vaak de beste inzichten 
opleveren. Kortom, ik heb van jullie beiden enorm veel geleerd en daar ben ik 
onwijs dankbaar voor.
De leden van de manuscriptcommissie Prof. dr. Anna Bosman, Prof. dr. Hans van 
Luijt en Prof. dr. Annemie Desoete wil ik graag bedanken voor de moeite die zij 
genomen hebben om dit proefschrift te beoordelen. Ook wil ik hen en de verdere 
opponenten Prof. dr. Alexander Minneart, dr. Anne van Hoogmoed en Prof. dr. 
Eliane Segers graag bedanken voor de bereidwilligheid om tijdens mijn verdediging 
van gedachten te wisselen over de bevindingen en implicaties van dit proefschrift.
De vele schoolleiders, leerkrachten, ouders en natuurlijk leerlingen (waaronder 
die van mijn vroegere basisschool) wil ik bedanken voor het mogelijk maken van 
dit onderzoek. Wat fijn dat jullie het belang inzien van wetenschappelijk onderzoek! 
Aan de leerlingen wil ik zeggen dat hoewel sommige taken lang en saai waren, 
ik mede dankzij jullie met veel plezier terugkijk naar mijn tijd op deze scholen. 
Mijn hoop is dat de inzichten uit dit proefschrift het primair onderwijs bereiken 
en zo leiden tot nog beter rekenonderwijs in de toekomst. 
dankwoord (acknowledgements)
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Verder ook een woord van dank aan de vele studenten die hebben bijgedragen aan 
de data-verzameling op deze scholen. Zonder jullie was de dataset niet zo uitgebreid 
geweest. Samen met de andere studenten die ik de afgelopen jaren onderwijs heb 
mogen geven, hebben jullie mij tevens mij de gelegenheid geboden te groeien als 
docent, waarvoor dank. 
Daarop aansluitend heb ik dankzij onderwijsdirecteur Anna en diverse cursus-
coördinatoren van het onderwijsinstituut PWO de kans gekregen mijn docent-
vaardigheden verder te ontwikkelen. Dit heeft mij in staat gesteld mijn BKO onder 
begeleiding van Sven Vrins te laten goedkeuren door de toetsingscommissie. 
Ik waardeer de ruimte die ik heb gekregen om een bijdrage te leveren aan academisch 
onderwijs enorm.
Bij het PhD-Platform heb ik geleerd om de belangen van mijn mede PhD’ers te 
behartigen en om verschillende evenementen variërend van informatief tot sociaal 
te organiseren. Daarvoor wil ik de PhD coördinatoren Eliane en Johan graag 
bedanken, evenals de andere leden van het Platform in wisselende samenstelling: 
Lieke, Joyce, Niklas, Jonas, Jesse, Anna, Pam, Sanne, Kim-Lien, Lynn, Lisanne en 
Nastasia. 
Gedurende mijn nevenactiviteiten bij het PhD-Platform heb ik regelmatig contact 
gehad met het BSI management: Toon, Meta en Ralph (inmiddels Sander). Fijn dat 
ik op die manier ook wat mee heb mogen krijgen van besluitvormingsprocessen op 
hoog niveau. 
Voor hulp met alle kleine en grote vragen kon ik altijd terecht bij het PWO 
secretariaat. Op een gegeven moment wist ik precies bij wie ik met welke vraag 
moet zijn. Met onderwijs gerelateerde vragen ging ik naar Katja en met financiële 
vragen naar Christel. Zij namen ook regelmatig aan de lunchtafel plaats, wat veel 
gezelligheid tot gevolg heeft gehad. Lonneke was altijd bereid mee te denken voor 
organisatorische dingen en niet te vergeten voor heerlijke tips met de nieuwste 
hotspots voor bijvoorbeeld een diner. Voor alle overige vragen kwam ik regelmatig 
uit bij Lanneke, want zij weet werkelijk alles. Bedankt voor de ondersteuning; 
zonder jullie was mijn PhD lang niet zo soepel verlopen.  
Natuurlijk wil ik ook alle andere LLP collega’s bedanken voor de mooie momenten 
samen. Dan denk ik aan de vele lunches, uitjes, de schrijfweek, de vierdaagse 




Tegen Erika, Hilde en Lidy—de aio’s die samen met mij van start zijn gegaan—wil 
ik zeggen dat ik het fijn vond om in hetzelfde schuitje te zitten. We hebben wat mij 
betreft veel steun aan elkaar gehad, want wat komt er veel kijken rondom het 
starten van een PhD-project.
Verder wil ik Evelien, Carolien en Sophie bedanken voor het in gezamenlijkheid 
afronden van het PhD-project. Ik vond het fijn om met elkaars inleidingen en 
discussies mee te lezen. Dit gaf niet alleen zicht op welke stukken meer verduide-
lijking behoeven, maar het was ook prettig om samen door die laatste fase met 
talloze regeldingetjes heen te gaan.
Toen ik in 2017 met mijn PhD begon, was het rekenclubje in Nijmegen nog maar 
klein. Inmiddels zijn daar vele waardevolle collega’s bijgekomen, waarvan ik er 
een aantal wil noemen. Zo is Sanne co-auteur op één van de artikelen uit dit 
proefschrift en heb ik samen met Anne een mooi EEG onderzoek mogen opzetten 
en uitvoeren. Ook zijn er steeds meer aio’s bijgekomen. Nienke, Isabelle en Robin 
(voor mij hoor je ook bij dit ‘reken’-clubje): wat zitten wij goed op één lijn. Niet 
alleen qua interesses, maar we hebben het ook gewoon heel gezellig samen. Dat er 
nog maar veel schrijfsessies bij mogen komen!
En niet te vergeten mijn paranimfen. Julia en Nienke wat heb ik veel steun aan 
jullie gehad. Ik voel me lichtelijk verplicht om te zeggen dat dit niet als een 
verassing is gekomen. Uit niet-wetenschappelijk onderzoek door onszelf is namelijk 
gebleken dat paranimfen die op 29 april 1993 geboren zijn, de meest capabele 
paranimfen zijn. En laat dit nou net van jullie allebei de verjaardag zijn… Zonder 
gekheid, ik waardeer het ontzettend dat jullie zo met mij hebben meegedacht over 
van alles (van lettertype tot cover van het proefschrift en van organisatorische 
dingetjes tot feestelijkheden) en ik vind het enorm fijn jullie aan mijn zijde te 
hebben tijdens de verdediging! 
Gelukkig omvatte mijn leven de afgelopen drie jaar meer dan alleen werk. Julia, 
Lotte, Jasmijn en Lianne, wat kunnen wij ons toch goed in elkaar verplaatsen. 
Frank en Tjeerd, wat kan ik toch altijd veel met jullie lachen. Gabriëlle, Amber en 
Cilly, we kennen elkaar al sinds de middelbare school en nog steeds zien we elkaar 
regelmatig. Mayke, we begonnen als sportmaatjes, maar hebben elkaar ook gevonden 
in de dingen die blijkbaar horen bij het volwassen leven, zoals het kopen van een 




Ook mijn familie verdient een woord van dank. Opa en oma’s, wat bijzonder dat 
ik jullie mijn verdediging mogen meemaken. Ooms, tantes, neefjes en nichtjes, 
bedankt voor de betrokkenheid. Wim, Yvonne, Suus en Wout, wat fijn dat ik zo 
warm ben ontvangen in jullie familie en dat jullie mij altijd willen bijstaan in 
belangrijke keuzes. Maarten, broertje, hoewel wij een paar jaar schelen, trekken 
we steeds meer naar elkaar toe. Leuk om te zien dat onze interesses soms zo 
anders zijn, maar dat we eigenlijk toch ook best veel op elkaar lijken en veel met 
elkaar kunnen delen.
Pap en mam, bij jullie voel ik mij altijd thuis. Niet voor niets heb ik de afgelopen 
jaren zo vaak en zo graag gebruik gemaakt van ‘hotel/restaurant Apeldoorn’; of het 
nou voor schoolbezoeken was of bij gebrek aan een eigen keuken in ons nieuwe 
huis. Hoe lang ik ook op mijzelf woon, dat gevoel van thuiskomen zal altijd blijven. 
Tot slot, Bas, mijn Excelnerd. Keer op keer heb jij mij verbaasd over jouw handigheid 
in Excel. Als ik weer eens een onmogelijke grafiek of formule had bedacht (nouja 
een globale schets dan), had jij deze in een handomdraai op het beeldscherm staan. 
Maar jij bent natuurlijk meer dan dat. Bas, jij bent mijn grote steun en toeverlaat. 
Ik ben zo blij dat wij samen ons mooie klushuis hebben mogen kopen. Samen 
toewerken naar iets dat echt van ons is en waar wij onze stempel op kunnen drukken. 





Marije Huijsmans is geboren op 1 november 1994 te Apeldoorn. Na het behalen 
van haar vwo-diploma aan het Veluws College Walterbosch in Apeldoorn in 2012, 
startte zij in datzelfde jaar de bachelor Pedagogische Wetenschappen aan de Faculteit 
der Gedrags- en Maatschappij- wetenschappen van de Rijksuniversiteit Groningen, 
met als specialisatie Onderwijskunde. Naast haar studie was Marije werkzaam als 
student-assistent bij het Universitair Ambulatorium Groningen, waar studenten van 
de opleiding Pedagogische Wetenschappen werden gekoppeld aan hulpvragen vanuit 
gelieerde praktijkinstellingen. Haar afstudeer scriptie naar het effect van afleiding 
op de prestaties op een geheugentaak schreef zij bij dr. Danny Kostons.
Marije vervolgt haar opleiding bij de research master Developmental Psychopathology 
in Education and Child Studies aan de Faculteit der Sociale Wetenschappen van 
de Universiteit Leiden. Daar heeft zij als student-assistent meegedraaid in diverse 
onderzoeksprojecten, waardoor haar passie voor wetenschappelijk onderzoek in een 
stroomversnelling is geraakt. In haar afstudeerscriptie onderzocht Marije de effecten 
van verhoogde dopaminegehaltes op de sensitiviteit en aandacht van jongvolwas-
senen voor de sociaal-emotionele signalen van baby’s. Hierin zij werd begeleid 
door dr. Renske Huffmeijer en prof. dr. Marian Bakermans-Kranenburg. Zowel de 
bachelor als de master scriptieonderzoeken hebben achteraf bezien de basis gevormd 
voor haar interesse in aandachtsprocessen en gerelateerde cognitieve vaardigheden, 
welke ten grondslag liggen aan leerprocessen en leerstoornissen.
In september 2017 startte zij haar promotieproject genaamd Markers of Numerical 
Development and Dyscalculia aan het Behavioural Science Institute (BSI) van de 
Radboud Universiteit, waaruit onder begeleiding van prof. dr. Evelyn Kroesbergen 
en dr. Tijs Kleemans dit proefschrift is voortgekomen. Gedurende het promotie-
traject is Marije lid (2017-2018) en voorzitter (2018-2019) geweest van het BSI 
PhD platform, evenals lid (2017-2018) van de PhD Organisatie Nijmegen (PON). 
Zij bezocht meerdere (inter)nationale congressen en organiseerde een symposium 
rondom het onderwerp rekenen. Tevens heeft zij in 2020 haar Basis Kwalificatie 
Onderwijs (BKO) behaald. 
Na het afronden van haar promotieonderzoek vervolgt Marije haar carrière bij de 
Radboud Universiteit als deeltijd onderzoeker en docent. Daarnaast is zij deeltijd 
onderwijsadviseur bij Expertis Onderwijsadviseurs. Door deze unieke combinatie 
kan Marije de kennis en vaardigheden die zij gedurende haar opleiding en promotie-
traject heeft opgedaan, wat betreft leren, leerstoornissen en gerelateerde (neuro)
cognitieve processen, actief inzetten om de kwaliteit van het primair onderwijs in 
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